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Chapter 1

Introduction

In this Ph.D. dissertation bond market liquidity, financial frictions, and trading inter-
mediaries take center stage. In particular, the thesis studies the role of corporate bond
dealers as liquidity providers in decentralized over-the-counter (OTC) markets. As bond
markets are still largely decentralized, dealers retain a pivotal presence. Acting as mid-
dlemen, they facilitate buying and selling between investors across time and earn the
bid-ask spread on their trades. This provision of liquidity is of critical importance to the
way corporate bond markets function. Dealers’ ability to provide liquidity and absorb
temporary imbalances in order flow is closely linked to the ease with which they can es-
tablish and maintain inventory positions. An improved understanding of the mechanisms
behind liquidity provision in bond markets is therefore of crucial economic relevance to
practitioners and policymakers. Despite their first-order economic importance, however,
we still know relatively little about how financial frictions impair dealers’ ability to serve
as middlemen. Understanding how such frictions influence the market making abilities of
these trading intermediaries is the common thread throughout this thesis, which consists
of three chapters: Two empirical chapters that explore the impact of dealers’ inventory fi-
nancing constraints on their ability to provide liquidity in corporate bond markets. And,
one theoretical chapter that studies the effects of mandatory post-trade disclosure re-
quirements on dealers’ willingness to provide liquidity in a two-period dealership market.

The interdependence between market liquidity and funding liquidity has been formalized
theoretically, among others, by Gromb and Vayanos (2002) and Brunnermeier and Ped-
ersen (2009). Up to now, however, data limitations, in particular, the lack of dealer iden-
tities, have hampered efforts to demonstrate direct empirical links between bond dealers’
financial constraints and their liquidity provision. In the first two empirical chapters, I
move beyond existing data restrictions by matching two commonly used bond databases
to link dealer identities with transaction prices. A key innovation of my data is that it
allows for a targeted empirical identification of the link between market liquidity and
funding liquidity at the individual transaction-level. As such, my empirical design allows
me to contribute to the literature with a dealer-specific analysis, which cannot be done
with censored data on dealers. Thus, what sets these chapters apart is a unique dataset
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Chapter 1: Introduction

that offers a novel empirical perspective to improve our understanding of the role of fi-
nancing frictions on dealer liquidity provision in one of the world’s largest decentralized
OTC markets.

Chapter 2, “Middlemen Matter: Corporate Bond Market Liquidity and Dealer Inventory
Funding”, provides empirical evidence that dealers’ financing constraints are a crucial de-
terminant of the costs of their liquidity provision. I show that more constrained dealers
post wider effective bid-ask spreads. Decomposing the bid-ask spread into several sub-
components, I find that cross-sectional differences in dealers’ CDS spreads explain a
substantial part of the variation in the inventory cost component of the bid-ask spread.
Part of my analysis explores dealer liquidity provision during the 2008 subprime crisis.
I find that industry-wide strains in short-term funding markets exacerbate illiquidity
and increase the relative importance of inventory costs in bid-ask spreads. I find high-
volatility bonds, in comparison to low-volatility bonds, to show a higher sensitivity to
inventory financing costs, which is consistent with the flight-to-quality hypothesis pro-
posed by Brunnermeier and Pedersen (2009). In fact, during funding stress, half of the
liquidity differential between high- and low-volatility bonds is due to the difference in
dealer-specific inventory financing costs. Using dealer identities in the context of a quasi-
natural experiment, my data allows me to study the effect of a relaxation of financial
constraints for a subset of dealers eligible at a Federal Reserve emergency credit facility.
Access to Federal Reserve funding was only granted to depository institutions and their
dealer subsidiaries. As a consequence, non-bank dealers and more importantly all dealer
subsidiaries of investment banks were not eligible. This selective support provides an ex-
ogenous, positive shock to funding availability for a subset of dealers. Using a difference-
in-differences framework, I show that a relaxation of funding constraints stalled rising
illiquidity among eligible dealers by temporarily lowering their costs of liquidity provision.

Chapter 3, “Downgrades, Dealer Funding Constraints, and Bond Price Pressure”, has
its focus on bond issues that are subject to a rating downgrade from investment to non-
investment grades. Regulatory constraints imposed on insurance companies can lead to
a collective need to divest downgraded bond issues as documented by Ellul et al. (2011).
Importantly, upon these downgrades, corporate bond dealers provide liquidity by absorb-
ing the temporary order-flow imbalances. Using an event study methodology, I document
that bonds associated with dealers showing higher credit risks and thus potentially more
severe inventory financing constraints experience substantially larger return deviations,
as exhibited by more negative and abrupt declines and slower reversals in abnormal
returns surrounding a downgrade. Cross-sectional differences in dealers’ inventory fi-
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nancing costs appear to explain variation in cumulative returns in particular in the first
weeks following the downgrade. Downgrades from the investment to the non-investment
grade classifications tend to depress bonds prices beyond fundamental values (i.e., prices
overshoot their new long-run equilibrium value) where part of the overly negative price
effects eventually dissipate over time as aggregate dealer inventories revert to their long-
term averages. The second chapter highlights that these return patterns are different for
bonds handled by constrained versus unconstrained dealers. These differences are con-
sistent with the idea that dealers’ financial constraints limit their risk-bearing capacities
making them less willing to establish growing inventory imbalances without substantial
price markups surrounding a downgrade.

Practitioners and policymakers have been divided over the merits of increased trans-
parency - pre-trade and post-trade - in over-the-counter markets. The broader debate
has many stakeholders where the various interests often diverge. Proponents argue that
disclosure enhances price competition among dealers, has a positive impact on price dis-
covery, and assists market participants in determining the quality of their executions.
Opponents, on the other hand, argue that nondisclosure protects dealers’ anonymity
concerning trading position and ultimately shields them from competition on private
information contained in their order flows. At the center of this debate is the question
of whether or not greater disclosure requirements leave dealers less willing to provide
liquidity in the first place. The last chapter examines this question and contributes to
the literature about optimal information revelation.

Chapter 4, “Post-Trade Disclosure and its Impact on Dealer Liquidity Provision”, ad-
dresses information asymmetries in a theoretical model of a decentralized dealer market.
Corporate bond trading is generally considered to be less transparent than trading in
exchange-based markets. Regulatory initiatives to increase transparency have regularly
been implemented over the objections of corporate bond dealers. In fact, regulators and
practitioners recurrently address whether prevailing disclosure requirements should be
further extended (e.g., concerning dissemination caps). An argument brought up against
greater public post-trade disclosure is that it complicates subsequent trading and thus re-
duces liquidity in the first place. Opponents are particularly concerned for the anonymity
of their trading strategies and holdings. Limited post-trade transparency, so the claim,
shields dealers against competition on information contained in their order flows. The
last chapter examines this objection and asks: how does post-trade disclosure impact
liquidity provision if a dealer is willing to disguise and thereby preserve the information
contained in her order flow? In doing so, I study the effects of post-trade disclosure on
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Chapter 1: Introduction

a dealer’s dynamic trading strategy in a two-period dealership market. In period one
a dealer executes a customer-dealer trade and in period two she offsets this position
in inter-dealer trading. I find that post-trade transparency lowers dealer profits. It also
raises the customer’s marginal costs of trading but at the same time improves risk shar-
ing. The analysis shows that in terms of customer welfare no transparency regime is
universally dominating.
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Chapter 2

Middlemen Matter: Corporate

Bond Market Liquidity and Dealer

Inventory Funding

Abstract

Corporate bond dealers build up considerable inventories for which they rely on

short-term funding. I provide empirical evidence that dealers’ inventory financing

constraints are a crucial determinant of the costs of their liquidity provision in

corporate bond markets. Constructing a unique dataset that links dealer identities

with transaction prices, I show that dealer-specific financing constraints (as proxied

by their CDS spreads) explain a substantial part of the variation in the inventory

cost component of the effective bid-ask spread. Compared to low volatility bonds,

the liquidity provision of high volatility bonds is more sensitive to inventory costs,

especially during periods of funding stress. Finally, exploiting a quasi-natural exper-

iment, I show that the relaxation of funding constraints through a Federal Reserve

emergency credit facility temporarily alleviates liquidity problems among eligible

dealers.
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Chapter 2: Middlemen Matter

2.1. Introduction

U.S. corporate bond markets, arguably among the world’s largest financial markets, are
organized over-the-counter (OTC). Trading is largely decentralized and corporate bond
dealers retain a pivotal presence. Acting as middlemen, bond dealers facilitate buying
and selling between investors across time and earn the bid-ask spread on their trades.
Dealers’ ability to provide liquidity and absorb temporary imbalances in order flow is
closely linked to the ease with which they can establish and maintain inventory positions.1

Highly dependent on short-term funding, dealers are exposed to debt runs, rollover risk,
and wider financial contagion. As a result, they can experience funding shortages, which,
at least in the short-term, create temporary limits in their risk-bearing capacities and
increase their cost of liquidity provision. Despite dealers’ importance in corporate bond
markets, we still know relatively little about how their funding constraints impact the
provision of liquidity. The interdependence between market liquidity and funding liquid-
ity has been formalized theoretically by Gromb and Vayanos (2002) and Brunnermeier
and Pedersen (2009), among others. Up to now, however, data limitations, in particular
the lack of dealer identities, have hampered efforts to empirically demonstrate direct
links between bond dealers’ funding constraints and their liquidity provision.

In this paper, I show empirically that dealers’ financing costs (as proxied by their
CDS spreads) are a critical determinant of their provision of liquidity (as measured by
the effective bid-ask spread), suggesting that inventory financing constraints matter for
the cost of liquidity in corporate bond markets. By matching two commonly used bond
databases, I construct a unique dataset that links dealer identities with transaction prices
and allows for a targeted empirical identification at the individual transaction-level. The
dataset allows me to estimate dealer-specific bid-ask spreads, which cannot be done with
censored data on dealers. With this novel empirical perspective, the paper makes several
contributions: First, I show that more constrained dealers post wider effective bid-ask
spreads. Second, cross-sectional differences in dealers’ inventory financing costs explain
a substantial part of the variation in the inventory cost component of the bid-ask spread.
Third, the bid-ask spread sensitivity to dealer-specific financing costs is amplified during
periods of funding stress, especially for high-volatility bonds. And, fourth, using dealer
identities while exploiting a quasi-natural experiment, I show that a relaxation of funding
constraints through Federal Reserve credit support temporarily alleviates illiquidity for
a subset of eligible dealers. All of these findings are robust to controlling for various
bond and market characteristics such as bond ratings and volatilities, and market-wide
funding rates.

1The half-life of individual bond inventories is around five to six weeks (see, Friewald and Nagler (2015)).
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Introduction

Dealers are of crucial importance to the way over-the-counter (OTC) markets func-
tion. Their ability to provide liquidity matters to institutional investors who worry about
the cost of trading into or out of a desired position.2 Since the liquidity shortages of the
2007-2009 financial crisis (see, e.g., Bao et al. (2011), Dick-Nielsen et al. (2012), and
Friewald et al. (2012)) practitioners and regulators engage in a recurring debate about
the state of liquidity in bond markets.3 Despite an observed reversal of transactions costs
toward pre-crisis levels, institutional investors argue that it has become more difficult to
get trades done as quickly, in the same size, and at the same price as they did historically.
At the center of this debate are corporate bond dealers and the question whether recent
regulatory initiatives affecting them might have reduced liquidity. An improved under-
standing of the mechanisms behind liquidity provision in corporate bond markets, in
particular accounting for the cross-section of dealers, is therefore of first-order economic
relevance to practitioners and policy makers.

In the process of building inventories dealers strongly rely on short-term collateralized
loans. These so-called “repos” made up, on average, 60% of dealers’ liabilities between
the years 2002 to 2014 (see Rosengren (2014)). Since direct measures of dealers’ effective
short-term funding costs are either difficult to come by or not available at all, I make
use of their credit default swap (CDS) spreads as a proxy instead.4 CDS spreads exhibit
variation across dealers and represent a plausible indicator of credit risk based on which
risk managers internally and lenders externally evaluate financing terms, credit lines,
and position limits. CDS spreads also reflect changes in firm-level fundamentals such as
the leverage ratio or credit ratings (see, e.g., Tang and Yan (2013)).5 Moreover, credit
risk can matter even with collateralized loans, for instance, when lenders, such as money
market mutual funds (i.e., one of the largest sources of lending to dealers), avoid or are,
by rule, not allowed to take possession of the pledged collateral in the case of default.
In fact, prior to the U.S. repo market reform, the institutional setting, for instance, the
“unwind” mechanism, amplified the extent to which credit risks influenced repo lending

2According to the Federal Reserve’s Flow of Funds, institutional investors hold close to 65% of all
outstanding corporate debt. The BIS (2016) documents that “dealers [...] cut back their market-making
capacity [...]. [While institutional investors’] demand for market-making services, in turn, continues to
grow ”.

3Adrian et al. (2015) argue against a deterioration in market liquidity. In a WSJ article Whittall and
Samuel (2015) capture the industry perspective. As reported in the FT byPlatt and Rennison (2017),
Janet Yellen, the Federal Reserve chair, has described the evidence of reduced corporate bond market
liquidity as “conflicting”.

4Following the SEC’s money market fund reforms in 2010 monthly tri-party repo data is available only
after November 2010. Using this data, Hu et al. (2015) show that dealers’ CDS spreads are weakly
positively related to repo spreads.

5E.g., He et al. (2016) show that the average leverage ratio of primary dealers significantly affects
cross-sectional variation in expected bond returns.
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Chapter 2: Middlemen Matter

(Federal Reserve (2010)).6 To the extent that adverse changes in borrower credit risk
increase monitoring concerns and prompt lenders to demand higher interests or curtail
lending (Calomiris and Kahn (1991); Rochet and Tirole (1996)) dealer CDS spreads
appear as a suitable proxy for dealer-specific changes in funding costs.

For dealer identification I match U.S. insurance companies’ trade reports from the
National Association of Insurance Commissioners (NAIC) with corporate bond trades
from the Financial Industry Regulatory Authority’s (FINRA) Trade Reporting and Com-
pliance Engine (TRACE). According to the Federal Reserve’s Flow of Funds statement,
insurance companies owned on average about 25% of outstanding corporate debt be-
tween 2002 to 2014. While insurers’ bond universe is not exhaustive, it represents a
substantial portion of the corporate bond market where up to 94% of TRACE bonds
are contained in NAIC (Asquith et al. (2013)). In terms of trading frequency the NAIC
data represents a small fraction of the entire corporate bond market,7 while the average
size of insurers’ trades is often larger than those recorded in TRACE. As such insurance
companies represent prominent long-term institutional investors who, in case they trade,
desire to move large-sized positions into or out of their portfolios.

The empirical approach in this paper follows the price impact regression method-
ology that was initially developed by Glosten and Harris (1988) and Huang and Stoll
(1997) and further adapted to corporate bonds by Bessembinder et al. (2006). Rooted
in the market microstructure literature, these reduced-form models allow the estimation
of effective bid-ask spreads, which are modeled to comprise three sources of illiquidity:
order-processing costs, adverse selection costs, and inventory costs. The order-processing
component captures dealers’ revenues from “buying low and selling high” on average (e.g.,
to cover labor costs, clearing fees, etc.). The adverse selection component widens the bid-
ask spread to recover potential losses from trading with superiorly-informed investors.
The inventory cost component captures the costs required to establish and maintain
trading positions. I differentiate between several inventory subcomponents: three bond-
specific subcomponents that account for a bond’s credit rating and its inventory price
risks; a subcomponent that accounts for market-wide funding costs; and a dealer-specific
subcomponent that reflects dealer inventory financing costs. Quantifying the dealer-
specific subcomponent requires dealer identities.

6Every morning, lender credit was “unwound” (i.e., replaced) with intraday credit from clearing banks
before the repo agreement was rewound again in the afternoon. This reliance on clearing banks cre-
ated potentially perverse dynamics (Copeland et al. (2012)) aggravating the run and rollover risk for
borrowing dealers without a direct access to a liquidity backstop.

7Asquith et al. (2013) document that NAIC trade size ranges from 4.4% to 11.5% of total TRACE
dollar-volume during different disseminations phases.
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I find that the financing costs faced by dealers explain a substantial fraction of the
inventory cost component that contributes to the bid-ask spread. As such, a higher dealer
CDS spread increases the cost of financing trading positions, which weakens a dealer’s
ability to provide liquidity. For the average insurer trade, total inventory costs make up
87.1% of the bid-ask spread (or 12.5 of the 14.4 cents that represent the effective half-
spread). Of this, 5.5 percentage points are associated with market-wide funding rates,
22.6 percentage points with dealer-specific inventory financing costs, 23.3 percentage
points with bond-specific price risks, and 35.6 percentage points with bond credit risks.
Taking into account the cross-sectional heterogeneity in dealer CDS spreads highlights
that dealer-specific inventory financing costs range from as low as 7.3% for an uncon-
strained dealer (25th percentile) up to 29.4% of the bid-ask spread for a constrained
dealer (75th percentile). In absolute terms, this interquartile range translates into 3.7
cent per $100-par effective half-spread differential. Using a subsample of my data, I find
that total inventory costs matter less if trading positions can be offset within the same
trading day. My results point toward price concessions that are consistent with narrower
bid-ask spreads and the idea of “customer liquidity provision” (Choi and Huh (2016)) for
trade pairs executed by the same dealer within the same trading day. However, I still find
that cross-sectional differences in dealer-specific financing costs matter for transaction
costs: an unconstrained dealer contributes 16.8% to the bid-ask spread (or 1.8 cents per
$100-par) while a constrained dealer contributes 50.7% (or 9.2 cents per $100-par).

Studying the bid-ask spread components over time highlights substantial variation
in the inventory cost component, which ranges from about 25% of the bid-ask spread in
the years from 2002 to 2005 to close to 90% of the bid-ask spread during periods of the
2007-2009 subprime crisis.

Part of the analysis explores dealer liquidity provision during the 2008 subprime
crisis. Specifically, I examine bid-ask spreads under two opposing financing regimes:
first, during industry-wide strains in short-term credit markets (July 2007 to December
2007); and second, during a period of selective funding support provided by the Federal
Reserve (December 2007 to March 2008). I find that industry-wide strains in short-
term funding markets increase the relative importance of inventory costs in the bid-ask
spread, especially for inventory-intensive, high-volatility bonds. This is consistent with
the “flight to quality” hypothesis proposed by Brunnermeier and Pedersen (2009). In
fact, the liquidity differential between high- and low-volatility bonds jumps from 10.4 to
16.9 cents per $100-par during funding stress of which 50.1% are due to the difference
in dealer-specific inventory financing costs.

The Federal Reserve credit facility was accessible only to dealer subsidiaries of deposi-
tory institutions. As such, it provided an exogenous, positive shock to funding availability
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obtainable only for a subset of dealers. Exploiting this quasi-natural experiment, I dif-
ferentiate the liquidity provision of dealers with access (the treatment group) and the
liquidity provision of dealers without access to the facility (the control group). Dealer-
specific inventory financing costs account for 45.4% (54.5%) of the bid-ask spread for
eligible (ineligible) dealers (i.e., a 5.26 cents per $100-par half-spread differential), which
suggests a substantial relaxation of funding constraints for dealers with access. For an
average bond trade, the facility yields a 7.29 cents per $100-par liquidity differential be-
tween eligible and ineligible dealers, which jumps to 17.5 cents for high-volatility bonds
suggesting improvements in eligible dealers’ abilities to commit financing to riskier trad-
ing positions.

Rooted in the market microstructure literature, my work draws closely on inventory
models that have (risk-averse) dealers absorbing temporary imbalances in order flow
to end up with (suboptimal) inventory positions. Stoll (1978), Amihud and Mendelson
(1980), and Ho and Stoll (1981, 1983) are the first to formalize that increased inventory
risks require a compensation in terms of wider bid-ask spreads. Theoretical work on
dealer liquidity provision in the face of financing constraints is more recent. Gromb
and Vayanos (2002) show that leverage constraints can limit dealer liquidity provision
to suboptimal levels. In a search model, Weill (2007) shows that insufficient access to
capital adversely affects liquidity supply. Brunnermeier and Pedersen (2009) highlight
that funding limits amplify shocks to asset values and ultimately lead to adverse liquidity
spirals and reinforcing feedback loops. Building on the latter, Ranaldo et al. (2016)
introduce unsecured funding markets and show that these liquidity spirals may still
arise (in particular when dealers initial leverage is high). My paper demonstrates that
cross-sectional variation in dealers’ financing costs can explain fluctuations in the cost
of liquidity. Also, I provide direct evidence that a positive shock to funding availability
can improve liquidity provision.

For a while the majority of empirical research on dealer constraints and liquidity
provision had its focus on stock markets. For instance, Comerton-Forde et al. (2010) show
that specialists’ inventories and trading revenues have a significant impact on the width
of bid-ask spreads. Hendershott and Menkveld (2014) find that price pressures increase
with higher inventories reflecting dealers’ unwillingness or inability to provide additional
liquidity. Kahraman and Tookes (2017) identify a causal feedback effect between margin
traders’ ability to borrow and a stock’s liquidity.

Empirical work linking dealer constraints and liquidity provision is fairly recent. Ran-
dall (2016) and Dick-Nielsen and Rossi (2016) study the relation of aggregate inventory
levels to liquidity provision and find that the recent drop in corporate bond inventories
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increased trading costs, especially for riskier bonds. The availability of richer TRACE
datasets, which make it possible to link dealer trade flows and liquidity at the bond
level, spurred further more targeted research. These datasets allow a clear differentiation
(but not identification) of dealers’ trade flows through anonymized dealer IDs. Friewald
and Nagler (2015) show that dealer inventories are significantly related to risk-adjusted
bond returns confirming inventory models in which dealers actively manage quotes to
unwind inventory positions. Related to their finding that hedgeable inventory risks come
with lower inventory risk premia, I find that bonds with lower idiosyncratic price risks
are less expensive in terms of liquidity provisions. Bessembinder et al. (2016) analyze
dealers’ trade flows to show that their propensity to hold large, unbalanced trading po-
sitions overnight declined during the financial crisis and failed to return to pre-crisis
levels. This development appears to be related to new bank regulation and is stronger
for bank-affiliated dealers. By decomposing bid-ask spreads, I document an increased
importance of the inventory cost component that remains slightly elevated even after
the crisis period and is consistent with rising costs for capital commitment. Goldstein
and Hotchkiss (2017) show that, in an attempt to balance inventory risks and search
efforts, dealers’ propensity to offset trades within the same day rather than to establish
inventory positions is increasing in the risk and illiquidity of trading positions. More-
over, Choi and Huh (2016) and Schultz (2017) document an increase of pre-arranged
dealer trades, which, in comparison to regular inventory-intensive dealer trades, come
with significantly narrower bid-ask spreads. Accounting for this shift in trading entails a
widening of bid-ask spreads over the recent post-crisis period. Studying a subsample of
trade pairs that are largely offset within the same trading day, I find price concessions
that are in line with their idea of “customer liquidity provision”. None of the above-
mentioned papers, however, differentiate actual dealer characteristics. Thus, what sets
my paper apart are dealer identities and the ability to link non-trade-flow related dealer
characteristics to transaction prices.

Lastly, some research divisions of central banks enjoy complete access to available
data – including dealer identities. Han and Wang (2014) are the first to directly link
dealer CDS spreads to transaction prices. They exclusively investigate the price and
volume dynamics of defaulted corporate bonds (using an event-study methodology) and
show that higher dealer CDS spreads are associated with a zero-balance exposure to de-
faulted bond issues. Using dealer balance sheet and income statement variables (i.e, not
considering dealer CDS spreads), Adrian et al. (2016) compute volume-weighted aver-
ages across dealers and subsequently relate these as measures of financial constraints to
illiquidity proxies at the (daily) bond-level. Surprisingly, they show that prior to the cri-
sis, among other things, higher leverage, higher liquidity mismatch, and higher financial

13



Chapter 2: Middlemen Matter

vulnerability are associated with higher bond liquidity, while during the post-crisis regu-
lation period higher vulnerability and greater liquidity mismatch reduce bond liquidity.
Related to my findings, they show that bond-level liquidity is lower when dealers are
more reliant on runnable repo financing. While our papers both explore cross-sectional
differences in dealer-specific constraints, there are also clear differences: First, as op-
posed to computing liquidity proxies across all transactions within a trading day, I use a
reduced-form model that relates differences in dealer characteristics to individual bond
transactions. This provides a much finer (trade-by-trade) identification strategy that
allows the computation of dealer-specific bid-ask spreads. Second, exploiting a quasi-
natural experiment, my paper also studies liquidity provision in case of a relaxation of
financial constraints for a subset of dealers, which is an aspect that is not at all covered
in Adrian et al. (2016).

The remainder of the paper is organized as follows: Section 4.2 introduces a reduced-
form model of dealer liquidity provision based on which I estimate the effective spread
of corporate bonds. Section 3.2 outlines the sample construction and provides a general
description of the data. Section 3.4 provides the baseline results illustrating the relation
between dealer-specific inventory costs and bond liquidity. Section 2.5 examines liquidity
provision during funding stress and exploits an exogenous shock to funding availability
to investigate whether a relaxation of financial constraints improves liquidity provision.
Section 4.5 concludes.

2.2. Model

This section outlines the price impact regression models used to estimate the effective
bid-ask spread and its cost components (see Section A.2 in the Online Appendix for
a step-by-step derivation). Subsection 2.2.1 explains how I make the inventory compo-
nent a function in dealer-specific inventory financing costs. Subsection 2.2.2 details the
implementation of the regression model to the data.

2.2.1. Price Impact Regression Model

The model builds on the price impact regression methodology that was initially devel-
oped by Glosten and Harris (1988) and Huang and Stoll (1997) and further adapted to
corporate bonds by Bessembinder et al. (2006). These models allow for a three-way de-
composition of the bid-ask spread to distinguish order-processing costs, adverse selection
costs, and inventory holding costs. This paper aims to improve the understanding of the
subcomponents contributing to total inventory costs where my focus is on dealers’ costs
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of financing inventory positions. Accordingly, I make the inventory cost component a
linear function in dealers’ financing costs while controlling for market-wide re-financing
rates as well as a bond’s credit rating and price volatility.

Let tk index the date and time of a trade in bond n where t for t = 1, ..., T refers to the
particular trading day and k for k = 1, ..., K refers to the execution time. Then, dealer
i’s (observed) transaction price, pitk,n, contains three ingredients: First, the unobservable
fundamental value of the bond, p∗tk,n, in absence of transaction costs. Second, the quote
midpoint, mi

tk,n
(·), representing dealer i’s valuation of the fundamental process factoring

in her holding costs for inventory level, I itk,n. Third,
1
2
Sitk,n(·), reflecting half of the bid-ask

spread at time tk. That is, transaction prices are modeled as the combination of dealer
i’s valuation of the bond given her inventory plus or minus half of the bid-ask spread:

pitk,n = mi
tk,n

(
p∗tk−1,n

, I itk,n

)
+

1

2
Sitk,n

(
λtk , γ

i
tk
, βit,n

)
dtk,n (2.1)

where dtk,n indicates whether a trade is a customer buy order at the ask (i.e., dtk,n = 1)
or a customer sell order at the bid (i.e., dtk,n = −1).

The midquote is related to the fundamental value8 according to the following equation

mi
tk,n

(
p∗tk−1,n

, I itk,n

)
= p∗tk−1,n

+ εtk,n − βit,nI itk,n (2.2)

where εtk,n is a mean-zero, serially uncorrelated public information shock, and βit,n reflects
inventory costs for dealer i’s aggregate inventory I itk,n.

The bid-ask spread, Sitk,n(·), is a function of adverse selection costs (λtk), order-
processing costs (γitk), and inventory costs (βit,n) where each cost component may contain
further subcomponents. The half-spread takes the following form:

1

2
Sitk,n

(
λtk , γ

i
tk
, βit,n

)
dtk,n = λtkdtk,n + βit,nqtk,n + γitkdtk,n (2.3)

where qtk,n = dtk,n|qtk,n| represents the signed trade size at time tk.
Following Huang and Stoll (1997) the specification for the adverse selection compo-

nent has no intercept (i.e., λ0 = 0) and is given by

λtkdtk,n = λ1

(
qtk,n − E[qtk,n|Ωtk−1,n]

)
(2.4)

where
(
qtk,n − E[qtk,n|Ωtk−1,n]

)
reflects the unexpected component in the order flow such

8The fundamental price resembles a random walk dependent on the trading process through the unex-
pected component in order flow (see Section A.2 in the Online Appendix).
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that λ1 represents the cost component of the half-spread attributable to adverse selection
costs (i.e., the revision in expectations conditional on an order arrival, see Kyle (1985)).
This entails that expected order flow carries no information and that the informational
content in trade flows is entirely contained in its innovations (see Hasbrouck (1988)).

The term βit captures the inventory costs associated with trade size qtk,n and follows

βit,n = β0 +
10∑
r=2

β0,r CRr
t,n + β1 SYS_RVt,n + β2 IDIO_RVt,n + β3 TEDt + β4 CDSit

(2.5)

where CRr
t,n is a dummy variable referring to a bond’s credit rating and equal to 1 in case

bond n holds rating r for r = 2, ..., 10 (where Moody’s investment-grade ratings range
from 1=Aaa to 10=Baa3), TEDt refers to the TED spread on day t (i.e., the difference
between the three-month LIBOR and the three-month T-bill interest rates), SYS_RVt,n

(IDIO_RVt,n) is the bond’s realized systematic (idiosyncratic) volatility using a 90-day
rolling window,9 and CDSit is dealer i’s CDS spread on trading day t. This means that
I separate total inventory costs, βit,n, into four subcomponents: First, a time-invariant
intercept, β0, that is related to dealer risk preferences as it captures the component
of inventory costs that a non-defaultable dealer (CDSit = 0 and TEDt=0) handling
a riskless bond (SYS_RVt,n = IDIO_RVt,n = 0) would incur. Second, costs related
to Basel risk weights (captured by β0,r), which are a function of a bond’s credit rating.
Third, bond-specific inventory price risks (captured by β1 and β2), that can be associated
with adverse price movements that bear the possibility of losses on held inventories and
contribute to the costs of capital required to cover haircuts. I argue that inventory
risks are related primarily to price risks and not to the volatility of yield changes.10 I
distinguish a systematic and an idiosyncratic volatility component where the particular
exposure depends on a dealer’s hedging abilities. As systematic risk is more likely to be
hedged using swaps or futures contracts, idiosyncratic risks pose a greater challenge from
a risk-management perspective. Fourth, inventory financing costs where I differentiate
between market-wide financing cost reflecting the total credit risk in the banking sector
(captured by β3) and the share of inventory financing costs that can be attributed to
dealer-specific funding rates (captured by β4). The latter are increasing in a dealer’s credit
risk as higher monitoring concerns may prompt lenders to demand higher rates or curtail
lending. While the industry-wide TED spread captures the times-series component, a

9See Section A.1 of the Online Appendix for details.
10A bond’s realized volatility also picks up effects that are related to its maturity and duration (i.e.,
proximity to maturity reduces price volatility thus reduces inventory risks; high duration bonds me-
chanically show larger price-to-price changes).
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dealer’s CDS spread picks up the cross-sectional dimension in inventory financing needs.
The linear specification for the order-processing cost component, γitk , takes into ac-

count trade size as well as dealer i’s market share:

γitk = γ0 + γ1 MSit + γ2 |qtk,n| (2.6)

where γ0 captures round-trip costs per $100-par, γ1 captures potential markups or dis-
counts due to a dealer’s market share,11 and γ2 captures potential markups or discounts
associated with (absolute) trade size. A dealer’s market share stands as a proxy for dealer
size and overall market presence. The amount of order flow a dealer handles may affect
her ability to provide liquidity in times of immediacy (e.g., due to better client match-
ing). Likewise, due to substantial search costs investors may not be able to buy at the
lowest spread but instead engage with dealers who show an active market presence or
have a standing customer relationship with the investor.

Now, the empirical goal is to estimate a bond’s effective half-spread in order to
evaluate the relative importance of each respective cost components. The estimation
procedure consists of two steps:12 First, determining the unexpected component in the
order flow by estimation of the following first-order autoregressive process

qtk,n = φqtk−1,n + ηtk,n . (2.7)

The assumption underlying this process of trade flows is justified by the fact that mar-
ket orders, for various reasons, can be serially correlated. For instance, in inventory
models quote changes affect the subsequent arrival rate of incoming orders (Ho and
Stoll (1981)). After engaging in a customer sell (customer buy) at the bid (ask) dealers
strategically lower (raise) the ask (bid) relative to the fundamental bond price with the
intention to balance inventories by increasing the probability of a subsequent customer
buys (customer sells). Such behavior induces negative serial correlation in market orders
and quote changes (see Friewald and Nagler (2015)). Re-arranging equation (2.7) yields
the unexpected order flow, ηtk ≡ qtk,n − E[qtk,n|Ωtk−1,n] = qtk,n − φqtk−1,n, which enters
the regression equation estimated in the second step.

Second, I estimate the cost components of the bid-ask spread from regressing trade-
to-trade price changes on contemporaneous and lagged measures of order flow. Consider

11MSit defined as the ratio of trades per dealer per month to the total number of trades per month.
12For robustness, I estimate equations (2.7) and (2.8) simultaneously using a GMM approach and HAC
standard errors (Newey and West (1987)).
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a bond trading twice on the same trading day t where dealer j’s transaction price pjtk−1,n

is succeeded by dealer i’s transaction price pitk,n. Then, first-differencing the transaction
prices and midprice equations (see Section A.2 in the Online Appendix for details) yields
the following basic price impact regression:

pitk,n − p
j
tk−1,n

= αn + γ0∆dtk,n + γ1

(
MSitdtk,n −MSjtdtk−1,n

)
+ γ2∆qtk,n

+ λ1

(
qtk,n − φqtk−1,n

)
+ β0∆qtk,n − β0

(
I itk,n − I

j
tk−1,n

)
+

10∑
r=2

β0,r CRr
t,n∆qtk,n −

10∑
r=2

β0,r CRr
t,n

(
I itk,n − I

j
tk−1,n

)
+ β1SYS_RVt,n∆qtk,n − β1SYS_RVt,n

(
I itk,n − I

j
tk−1,n

)
+ β2IDIO_RVt,n∆qtk,n − β2IDIO_RVt,n

(
I itk,n − I

j
tk−1,n

)
+ β3TEDt∆qtk,n − β3TEDt

(
I itk,n − I

j
tk−1,n

)
+ β4

(
CDSitqtk,n − CDSjtqtk−1,n

)
− β4

(
CDSitI

i
tk,n
− CDSjtI

j
tk−1,n

)
+ εtk,n

(2.8)

where ∆ is the first difference operator, and the error term, εtk,n, is assumed to be zero
on average and uncorrelated with the explanatory variables. To account for potential
nonlinearities in the cost components I employ a piecewise linear regression setup to
(2.8) where trade size will be kinked above $5 million (78th percentile) reflecting the
TRACE dissemination cap.13

Due to the limited number of trades per bond over the sample period a bond-by-bond
estimation is ruled out. Instead, pooling the data seems most appropriate. In fact, my
dataset resembles a panel where for every bond n for n = 1, ..., N (the panel variable)
there exists an unbalanced number of trades indexed by their transaction day-time tk
(the time variable). Hence, by including a constant bond-specific term, αn, capturing
average bond returns between transactions (i.e., a non-zero mean of εtk,n), the price
impact regression equation resembles a fixed-effects (FE) regression model.

Thus, I first estimate the probability of trade reversal, φ, in equation (2.7) using
OLS regression and subsequently run the fixed-effects regression in equation (2.8) to
estimate the half-spread subcomponents (λ1, β0, β0,r, β1, β2, β3, β4, γ0, γ1, γ2). Remaining
econometric issues concerning the error term may be the following: The variance of the er-
rors is unspecified by the model. For several reasons it is likely that they are heteroskedas-
tic (e.g., varying with trade size, or time of the trading day). Should equation (2.1) not

13Trade size above $20 million (98.5th percentile) is capped to reduce the influence of very large trans-
action.
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be exact and contain additional error components uncorrelated with the explanatory
variables the regression error will also show an MA(1) serial correlation pattern between
consecutive transactions. Moreover, since some bonds trade more than once within a
trading day, changes of bond prices are likely correlated. Aside from that, regression
errors may show cross-sectional correlation between bonds (e.g., due to macroeconomic
news affecting all bonds traded on a particular trading day).14 Consequently, I compute
heteroskedasticity, autocorrelation, and cross-sectional dependence consistent standard
errors following Driscoll and Kraay (1998).15 For robustness, I also take into account
possible interactions of the noise terms between the first and second stage regressions,
and compute standard errors using a block bootstrapping methodology. That is, for each
bond I sample with replacement trades from daily trades 100 times such that the cor-
relation structure between the days remains the same while for each trading day the
number of trades occurring varies randomly.

2.2.2. Implementation with the Data

The richness of the dataset allows me to regress equation (2.8) on two sets of data: for
one, price differences that are strictly consecutive in time and potentially involve two
different dealers; and for another, potentially non-consecutive price pairs involving the
same dealer.

Different Dealer Trade Pairs: Even though there is a high degree of concentration
in corporate bond markets (O’Hara et al. (2016)) the market-making of a particular
bond or issuer usually involves several dealers (e.g., a liquid inter-dealer market ensures
that positions can be acquired and subsequently passed on to other dealers). Treating
realized transaction prices as the outcome of at least two dealers yields equation (2.8).
On the basis of this equation alone the identification of all parameters rests on the
availability of inventory data though. Data limitations, however, make it impossible
for me to neither observe nor induce inventory levels. That is, in contrast to TRACE
datasets with anonymized dealer IDs, I only have dealer identities for a limited and non-
consecutive number of trades involving insurance companies. Because I do not have a
starting point and since I cannot observe dealers’ entire trade flows over time I cannot

14A test for cross-sectional dependence in the residuals reject the null hypothesis of cross-sectional
independence (see, e.g., Pesaran (2004)).

15This is essentially a HAC estimator (Newey and West (1987)) applied to the time series of cross-
sectional averages. It requires no prior knowledge of the exact form of the contemporaneous and
lagged cross-sectional correlations. I employ the Stata package xtscc (Hoechle et al. (2007)) with 22
lags (selected by the program and based on the length of the data) for the Newey-West kernel. Results
are robust against other lag lengths.
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reliably infer inventory levels. As a result, I am required to drop all those regressors
involving inventory levels from equation (2.8).

Moreover, inventory data is necessary to separately identify both β0 and the order-
processing subcomponent γ2 from the first-difference in trade size, (∆qtk,n = qtk,n −
qtk−1,n). Hence, due to the lack of inventory data the two coefficients can only be estimated
as the sum, γ′2 = β0 + γ2. While I present this joint term as the estimate on γ2 in
Subsection 2.4.1 it should be understood as the sum of the two coefficients. Using same
dealer trade pairs in Subsection 2.4.2, I am eventually able to decompose γ′2 and report
β0 and γ2 separately.

Then, the feasible fixed-effects regression model for trades involving different dealers
is given by

pitk,n − p
j
tk−1,n

= αn + γ0∆dtk,n + γ1

(
MSitdtk,n −MSjtdtk−1,n

)
+ γ2∆qtk,n

+ λ1

(
qtk,n − φqtk−1,n

)
+

10∑
r=2

β0,r CRr
t,n∆qtk,n

+ β1SYS_RVt,n∆qtk,n + β2IDIO_RVt,n∆qtk,n

+ β3TEDt∆qtk,n + β4

(
CDSitqtk,n − CDSjtqtk−1,n

)
+ εtk,n (2.9)

where price differences, pitk,n − pjtk−1,n
, are strictly consecutive in time and potentially

involve two different dealers. Price and order flow differences are computed within a
trading day to reduce the error variance (i.e., overnight price difference are excluded
from the sample). Lastly, depending on whether or not the identity of dealer i or j is
unknown (i.e., unmatched trades, see Section 3.2) the terms CDSlt and MSlt for l = {i, j}
in equation (2.9) will be replaced with (volume-weighted) sample averages CDSt and
MSt.16

Same Dealer Trade Pairs: Frequently dealers provide liquidity in the same bond
to multiple investors within a trading day. As inventory balancing is slow (Friewald
and Nagler (2015)), strictly consecutive price pairs involving the same dealer are not
too common. Allowing price differences to be potentially non-consecutive in time, I can
compare trades made by the same dealer i in the same bond happening within the same
trading day. Adapting equation (2.8) accordingly yields the following regression equation

16Weighting the CDS spreads by dealers’ market shares ensures that small dealers (with potentially
higher CDS spreads) are not driving the CDS average.
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pitk,n − p
i
tk−l,n

= αn + γ0

(
dtk,n − dtk−l,n

)
+ γ1MSit

(
dtk,n − dtk−l,n

)
+ γ2

(
qtk,n − qtk−l,n

)
+ λ1

(
qtk,n − φqtk−l,n

)
+ β0qtk,n +

10∑
r=2

β0,r CRr
t,nqtk,n

+ β1SYS_RVt,nqtk,n + β2IDIO_RVt,nqtk,n

+ β3TEDtqtk,n + β4CDSitqtk,n + εtk (2.10)

where price and order flow differences are potentially non-consecutive, e.g., for l ≥ 1,
and I rewrite the evolution in dealer i’s inventory as −qtk−1,n = I itk,n − I itk−l,n (i.e., by
definition or market clearing the change in inventories mirrors the order flow). With
the latter, the terms

(
qtk,n − qtk−l,n

)
in the inventory cost component reduce to qtk,n.

Using this approximation I can separately identify β0 and γ2. However, due to the high
correlation between qtk,n and

(
qtk,n − qtk−l,n

)
the distinction between the two parameters

remains blurred, which complicates their interpretation.

When using non-consecutive price pairs of the same dealer, I take into account any
intermediate trades of other dealers. Consider the case where one observes three trans-
action prices on day t at times tk, tk−1, and tk−2 where the observed price at tk−1 cannot
be linked to dealer i. Then, equation 2.10 needs to be adapted with respect to the in-
termediate order flow innovation. For the price difference pitk,n − p

i
tk−2,n

this implies the
innovation follows λ1

(
ηtk,n + ηtk−1,n

)
. In order to correct for a potential omission I com-

pute a price pairs order flow innovation by including any intermediate trades. Notably,
the regression error term also accumulates to

(
εtk,n + εtk−1,n

)
. Both the number of or-

der flow innovations and the noise surrounding the estimates increase in the number of
intermediate trades. In addition, some form of measurement error can arise in case of
non-consecutive dealer identification. Assume dealer i actually trades at time tk−1 but is
not identified in my matching procedure. Then, the actual inventory change is given by
I itk,n − I

i
tk−2,n

= −qtk−1,n − qtk−2,n but assumed to be I itk,n − I
i
tk−2,n

= −qtk−2,n.

2.3. Data

2.3.1. Sample Construction

The dataset primarily builds on two databases: First, I use the insurance companies’
transaction data from the NAIC. The latter records the identity of the dealer engaged
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in each transaction.17 Second, I retrieve all U.S. corporate bond trades from FINRA’s
TRACE where trade reports are anonymous with respect to dealer identities.18 Both
databases contain detailed transaction information including the CUSIP, the trade date,
the par value, the clean price (per $100-par), and the buy/sell indicator of the transaction.
From a TRACE trade report I can also retrieve whether the dealer was acting in a princi-
pal or agency capacity, whether the trade was a customer-dealer or an inter-dealer trade,
as well as the trade’s execution time (reported to the second). The latter is important
since NAIC transaction data do not contain transaction times such that any estimation
requiring within-day time ordering of trades becomes infeasible. Matching NAIC with
TRACE trades provides time stamps though. Since my empirical methodology relies on
the assumption that trades are appropriately ordered in time I gain statistical power over
datasets that lack time stamps and instead compute differences between trading days
(see Bessembinder et al. (2006)). Notably, the matching of NAIC with TRACE data
also overcomes some of the short-comings of the recently available anonymized dealer
IDs (e.g., trading desks not dealers are assigned IDs; IDs get re-assigned). The sample
period stretches over 12 years and ranges from July 1, 2002 to June 30, 2014.

There are a number of steps required to process the raw data. These steps and their
rationale are described in detail in Section A.1 of the Online Appendix. A first step is to
screen among bonds using bond-level characteristics (such as issue date, issuance size,
coupon rate, credit ratings, option features, etc.) from Mergent’s Fixed Income Securi-
ties Database (FISD).19 As in Bao et al. (2011) the analysis has an exclusive focus on
investment-grade bonds. In fact, Goldstein and Hotchkiss (2017) find that trading po-
sitions in high-yield bonds are oftentimes quickly offset within the same trading day to
mitigate inventory risks. A second round of filters apply to records with potential data
issues concerning their price (missing, negative, or unreasonably large), volume (non-
institutional trades <$100,000 or >50% of the issued amount), or timing (trades on
offering and maturity dates, or trading holidays). To account for potential nonlinearities
in the cost components I employ piecewise linear regressions. Specifically, I kink trade
size at $5 million (78th percentile). Importantly, this threshold reflects the TRACE dis-
semination cap for investment-grade bonds above which the actual size of a transaction
is not displayed in disseminated real-time data. Also, trade size above $20 million (98.5th

percentile) is capped to reduce the influence of very large transaction. Lastly, the clean-

17The identification of counterparties is one-sided. That is, the names of the insurance companies in-
volved in the transactions, as available to Ellul et al. (2011) or O’Hara et al. (2016), are not given in
my dataset, which is limiting my ability to assess trading relationships between insurers and dealers.

18Since April 2017 TRACE datasets with anonymized dealer IDs are available for purchase from FINRA.
Importantly, reverse-engineering dealer identities using these IDs is contractually prohibited.

19In the application of filters I stick to the literature, in particular see, Asquith et al. (2013).
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ing in TRACE involves eliminating erroneous trade reports (Dick-Nielsen (2009, 2014)),
e.g., cancellations, modifications, reversals, or duplicates. Market-makers can either act
as an agent/broker (matching buyers and sellers on commission) or as a principal/dealer
(buying and selling for their own account). Since in an agency capacity they do not build
up inventories I only consider their trading in a dealer capacity. Finally, since the NAIC
transactions are customer-dealer trades by definition I discard all TRACE inter-dealer
trades.

Dealer identification in TRACE is achieved by matching the transactions of the
cleaned NAIC dataset with those in the cleaned Enhanced TRACE dataset. Specifically,
I use five criteria to form a match: the CUSIP, the trade execution date, the trading
volume, the buy/sell indicator, and the price. The matching is exact on the first four
criteria and approximate on the price where I allow for a discrepancy of one or less than
one cent. In the matching procedure I take into account that due to the reporting pro-
cess the NAIC database exhibits a systematic error from a disaggregation of trades (see
Asquith et al. (2013)), which leads to an over-reporting in the number of trades and an
under-reporting of the true price dispersion. The average matching success is at 42.1%
percent per year.20 For the remainder of the paper I will refer to a matched TRACE
trade in case the dealer identity is known, whereas I refer to an unmatched TRACE
trade in case the dealer identity is unknown. In total I am left with 295,424 matched
TRACE trades involving 410 different dealers and 12,059 bonds of 2,309 issuers.

To link dealers with a CDS spread I bundle trading desk within a dealer firm and then
determine its relevant parent company for which I gather CDS and credit rating data
using Bloomberg and Datastream/CMA respectively. Using CDS spreads comes with
three limitations: First, overall CDS coverage is not complete. While CDS contracts are
available for bigger institutions there are often no contracts for smaller non-bank dealer
boutiques. Second, I do not have access to all data providers (e.g., the Markit database).
Third, some series only start after July 1, 2002, end before June 30, 2014, have gaps, or
show periods of stale prices. To retain the widest possible cross-sectional coverage with
respect to dealer-specific inventory costs, I fall back on long-term credit ratings in case I
do not have a dealer’s CDS spread. This way I still capture prominent non-bank dealers
active in the U.S. corporate bond market. Based on a dealer’s rating I impute her CDS
spread. Specifically, I compute the average CDS spread on a given day for a given rating
class using the sample of dealers with both a CDS spread and a credit rating. I then map
the average CDS spread per ratings class to the dealers for whom I lack a CDS spread.

20Matching success is a function of the permitted deviation in the price and quantity match. As I become
less conservative (e.g., allowing for a price difference of more than one cent) the matching success
increases. The fact that a large fraction of NAIC transactions cannot be matched with TRACE is an
issue that could be directed to the NAIC.
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Out of the 295,424 matched TRACE trades I am able to pair 231,078 (208,376) trades
with a credit rating (CDS spread). Using imputed, rating-based average CDS spreads
leaves me with data for 258,267 trades instead.21

The dependent and independent variables in my price impact regressions are com-
puted from price and order flow differences between trades that are strictly consecutive in
time involving (potentially) different dealers. That is, I compare the price and order flow
characteristics of a matched TRACE trade with the previous and subsequent TRACE
trade.22 In case I am pairing two matched TRACE trades I can relate the dealer-specific
characteristics, CDSlt and MSlt for l = {i, j}, to the transaction price difference. Unfor-
tunately, however, the number of consecutive matched TRACE trades is very small so
I also draw on unmatched TRACE trades to compute trade-to-trade price and order
flow differences.23 Unmatched trades are anonymous with respect to dealer identities
and consequently I lack dealer-specific CDS spreads and market shares. Instead, the
terms CDS·t and MS·t will be replaced with the daily (volume-weighted) sample averages
CDSt and MSt. Lastly, if the matched TRACE trade is the only trade of the day I
cannot compute a within-day price difference and the observation is excluded (i.e., ca.
34% of matched trades with a dealer CDS). Excluding missing observations in the differ-
enced order flow data, the final sample of consecutive price differences consists of 169,489
matched TRACE trades that yield 250,331 observations involving 101 dealers and 9,725
bonds of 1,922 issuers.

In addition, I also compute price and order flow differences for (potentially) non-
consecutive trades that can be linked to the same dealer and happen within a 24-hour
time window.24 This is motivated by the balance between ensuring a sufficiently large
subsample and avoiding too long trade time intervals that increase estimation noise.
Excluding missing observations, I am left with 14,439 matched TRACE trades executed
by the same dealer that yield 7,272 trade pairs, involve 3,857 different bonds of 1,144
different issuers, and are transacted by 60 different dealers.

For its size the sample with different dealer trades is used for the baseline analysis
whereas the sample of same dealer trades is used for robustness. In comparison, the
sample of different dealer pairs is considerably lager holding a much wider range of

21These reflect 100% of trades of the 10 most active and 97% (98%) of trades of the 25 (50) most active
dealer firms.

22If dealer i behind price pitk,n is known I can compute a backward difference, pitk,n − ptk−1,n, and a
forward difference, ptk+1,n−pitk,n, where for prices ptk−1,n and ptk+1,n respectively the dealers’ identities
are potentially unknown.

23For robustness, specification (6) in Table 2.2 holds the results for only matched trade pairs.
24Including overnight price differences yields 7,749 trade pairs instead of 6,004 trades that happen within
the same trading day.
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corporate bonds and therefore better reflects the average trading experience of an insurer.
The sample of same dealer trade pairs consists of slightly larger trades in more volatile
bonds that dealers tend to offset within the same day to another insurance company
rather than to establish an inventory positions.

2.3.2. Bond Characteristics

Table 2.1 captures the summary statistics for the sample of matched TRACE trades. The
bond issues are typically large, where the matched sample shows an average issuance size
of $503 million, having on average a 5.9% offering yield, and carry an investment-grade
rating of 7 (i.e., a Moody’s rating of A3 (upper-medium grade)). As expected, insurers
have a preference for long-term bonds where the average maturity is close to 13 years and
the average age of the bond when traded on the secondary market is 4 years. Comparing
these summary statistics with the Cleaned NAIC sample as given in Table A-3 in the
Online Appendix suggests that matching has no discernible effect on bond characteristics.

In terms of trading activity, bonds in the sample of matched TRACE transactions
trade slightly more frequently than bonds in the Cleaned NAIC sample. The median
monthly turnover – the bond’s monthly trading volume as a percentage of its issuance
size – is 5.4% for matched bonds (3.3% for bonds in the Cleaned NAIC sample), and
the median number of trades in a month for a matched bond is 19 (11 for bonds in the
Cleaned NAIC sample). In comparison to Bao et al. (2011), whose selection criteria leave
them with the most liquid investment-grade bonds in TRACE, the bonds in this sample
show similar trading volume and account for roughly a fifth of their monthly trading
activity. While NAIC is a small share of TRACE’s volume and trades, the average size
of insurers’ trades is often larger than the average TRACE trade. The median (average)
trade size is $1.5 million ($3 million). In comparison to Bao et al. (2011) the median
trade is five-times bigger indicating that insurance companies trade large positions into
or out of their portfolios. Over the period 2003 to 2013, insurer trading activity decreases
along all parameters: trade size shows a 3.3% mean annual decline; the average monthly
and daily number of trades gradually reduce by 4.5% and 3.8% respectively per year;
lastly, bond turnover drops by 8.5% per year. I also see a decrease in overall bond trades
(i.e., 4.0% mean annual decline) and a shrinking bond universe (i.e., 0.8% mean annual
decline). Both trends are reflected in the Cleaned NAIC sample too. This can partially be
attributed to declining insurer trading needs but also tends to confirm anecdotal evidence
indicating that institutional investors find it difficult to get trades done as quickly, in
the same size, and at the same price as they did historically (BIS (2016)).
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2.3.3. Dealer Characteristics

A. CDS Spreads

As dealers’ effective funding costs are not publicly available I use their CDS spreads
as a proxy. The latter reflect dealer-specific credit risks and should thus be a plausi-
ble indicator for cross-sectional differences in short-term funding costs. The sample of
matched TRACE trades for which imputed CDS spreads are available holds 101 distinct
dealer firms of which, in terms of transactions, the most-active five dealers account for
43.4%, and the most-active ten (25) dealers make up 67.9% (94.3%). These dealers show
a median (average) CDS spread of close to 55.6 (87.1) basis points (hereafter bps) with
a standard deviation of 110.7 bps. Moreover, the average CDS spread shows a significant
positive correlation (+0.25) with the TED spread (see Figure 2.2), which is generally
used as a proxy for credit risks in the banking sector and supposed to reflect financial
institutions’ short-term funding costs.

Figure 3.1 depicts the daily (volume-weighted) average dealer CDS spread as well as
the lowest and highest CDS quintiles over the sample period. The series comove strongly
but show considerable cross-sectional differences in credit risks among dealer firms, high-
lighted in the spread difference between the first (least constrained) and the fifth (most
constrained) quintile.25 Three periods stand out: First, the years from 2003 to 2006 when
cross-sectional differences are at their lowest and the quintile spread is at merely 30 bps.
During this period market liquidity is at an all-time high (Bao et al. (2011)) and dealers
scale up their balance sheets with cheap short-term funding (Rosengren (2014)). Second,
with the onset of the 2007-2009 subprime crisis comes an abrupt increase in spreads. In
March 2008, during the take-over of Bear Stearns, CDS spreads triple and the quintile
difference jumps up to more than 250 bps. Following September 2008, after the Lehman
Brothers default, the average spread peaks at more than 8-times its pre-crisis level and
the quintile difference reaches an all-time high of 800 bps. Spreads slowly fall to, on
average, 150 bps after March 2009. Third, the development in the years 2010-2012 may
be related to the introduction of new bank regulation (e.g., the Dodd-Frank act, which
was signed into law on July 21, 2010) as well as the European sovereign debt crisis where
concerns about European banks grew. The average CDS spread peaks just before the
EU’s response with financial support measures for distressed eurozone states in Novem-
ber 2011 and quintile spreads start to diverge up to 200 bps again. Overall, dealer CDS

25Similarly, there is substantial cross-sectional variation in dealer credit ratings. The quarterly average
rating is at 6.3 (i.e., a Moody’s rating of A2 (upper-medium grade)) with a standard deviation of 3
rating steps, the first rating quintile is at 4.1 (i.e., Aa3 (high grade)), and the fifth quintile is at 11.3
(i.e., Ba1 (non-investment grade)).
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spreads appear to be a reasonable substitute for short-term funding rates in that they
increase during periods with heightened credit concerns while maintaining considerable
cross-sectional variation.

B. Market Shares

Distinguishing dealers with respect to their trading activity offers another dimension for
cross-sectional variation. In the subsequent analyses, I distinguish between larger and
smaller dealers by computing their monthly market shares in terms of the number of
trades across all bonds of the Cleaned NAIC sample. In the sample of matched TRACE
trades with imputed CDS spreads these dealers show a median (average) market share
of 5.2% (5.4%) where the standard deviation is given by 3.2%. To illustrate the cross-
sectional differences in dealers’ trading activity the panels in Figure 3.2 illustrate the
share in monthly trading activity. The most active five dealers account, on average, for
38% of trades and 42% of volume highlighting a striking concentration of trading activity
among only a small number of dealer firms. The most active 10 firms account for 61% of
trades and 68% of volume, the most active 25 firms for 87% of trades and 91% of volume,
and the most active 50 firms for 96% of trades and 98% of volume in U.S. corporate
bond markets. With the onset of the subprime crisis in August 2007 overall trading
activity slightly dwindles. The effect is most visible in terms of dropping volumes after
the Lehman Brothers default. Here, especially the most active 10 to 25 dealers appear
to be affected while the 5 most active dealer firms are able to sustain their risk appetite.
The decline in both volume and trades point towards a rebalancing of trading activity
away from medium-sized and some of the largest dealers (i.e., attributable mostly to
investment-bank-affiliated dealers) to the periphery (i.e., mostly non-bank dealers who
are increasing their market commitment). Table A-4 in the Online Appendix summarizes
the yearly differences in bond and trading characteristics by dealer trading activity.

2.4. Results

The following section presents the estimates for the cost components comprising the
effective bid-ask spread. Based on these estimates I compute the average effective half-
spreads for various levels of trade size, dealer CDS spreads, and realized bond volatilities
to evaluate the relative importance of each respective cost component. The focus of
this section is to establish whether cross-sectional differences in dealer-specific inventory
financing costs explain variation in the inventory cost component of corporate bonds’
bid-ask spreads. Subsection 2.4.1 holds the analysis for different dealer trade pairs while
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Subsection 2.4.2 studies spread components using the subsample of same dealer trade
pairs. Subsection 2.4.3 contains the analysis of bid-ask spread components over time.

2.4.1. Baseline Regression Results (different dealer trade pairs)

Table 2.2 holds the estimation results of equations (2.7) and (2.9). The estimated spread
components are to be understood in the context of a half-spread as given in equation
(2.3),

1

2
Sitk,ndtk,n = λtkdtk,n + βit,nqtk,n + γitkdtk,n

where a trade of size qtk,n is preceded by a transaction of size qtk−1,n. Importantly, inven-
tory costs, βit,n, consist of five subcomponents: first, bond credit risks which are an input
for Basel risk weights (captured by β0,r); second and third, systematic and idiosyncratic
price risks associated with bond-specific adverse price movements and the possibility of
losses on inventories (captured by β1 and β2 respectively); as well as, fourth and fifth,
systematic and dealer-specific credit risks that contribute to inventory financing costs
(captured by β3 and β4 respectively). The empirical focus is on β4.

Insert Table 2.2 here

To begin with, consider the first-stage regression results:26 the first-order serial correlation
coefficient, φ, is given by -0.159, which appears to be in accordance with theoretical
predictions of inventory control. As inventory financing becomes more costly and trading
positions are riskier φ becomes more negative, which appears to be an indication of more
pronounced inventory management (see, e.g., Section 2.5).

The second-stage estimates in Table 2.2 confirm the importance of inventory costs.
First, consider the coefficient associated with dealer-specific inventory financing costs, β4:
throughout all specifications it is positive, economically meaningful, and strictly different
from zero at any reasonable level of significance. There is clear statistical evidence that
dealers’ inventory financing costs widen the bid-ask spreads of corporate bonds. Consider
the baseline results in specification 1, for example. The estimate of β4 implies that for
a 100 bps CDS spread and a $1 million trade approximately 1 cent on a $100-par-basis
are due to dealer-specific inventory financing needs. This contribution is multiplicative
(i.e., β4(CDSit × qtk)) and an increasing function in both a dealer’s CDS spread as well

26Specifications 2 to 6 of Table 2.2 show that the results are robust to the exclusion of imputed CDS
spreads, the use of the block bootstrapping methodology when computing standard errors, and changes
in the estimation procedure (i.e., using Pooled WLS (weights are the inverse of the hours elapsed
between transactions) or GMM instead of a FE model). In unreported results (contained in an earlier
version of the paper) I also confirm the results by leaving out 32,959 potentially offsetting riskless
principle trades (see Harris (2015)).
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as trade size (see Table 2.3 for a comparison of transaction costs). The effect remains
robust throughout the various specification. Using the subsample of matched trades only
(i.e., all dealer identities are known) the coefficient slightly decreases to 0.66 cent on
a $100-par. Overall, these results provide strong support for the financing constraints
story where higher inventory financing costs at the dealer level make it more difficult
to finance larger trading positions and weaken a dealer’s ability to provide liquidity to
investors.

The effect of the TED spread on bid-ask spreads, β3, is also positive and statistically
significant but in comparison to dealer-specific credit risks much less distinct. For a $1
million trade and a TED spread of 100 bps transaction costs increase by roughly 0.55
cent per $100-par. As such, higher market-wide funding rates clearly raise inventory
financing costs and widen bid-ask spreads and the cost of liquidity provision.

For inventory price risks, captured by β1 and β2, I find opposing coefficients: A bond’s
systematic volatility has a small, negative, and statistically insignificant effect on the
bid-ask spread such that hedgeable price risks appear to be associated with lower costs
of liquidity provision. For idiosyncratic volatility, on the other hand, I find a positive,
economically meaningful and strongly significant coefficient. Thus, bonds with a higher
idiosyncratic volatility, likely to pose a greater challenge from a risk-management and
hedging standpoint, are more costly in terms of liquidity provision. For a $1 million trade
and a realized idiosyncratic volatility of 1% approximately 1.28 cents per $100-par are
due to the costs of idiosyncratic price risks. This implies that transaction costs increase
in a bond’s idiosyncratic volatility establishing a liquidity differential between low- and
high-volatility bonds.

The coefficient on a bonds’ credit rating, β0,r, can be found in Table 2.6. Clearly, as
a bond’s credit rating deteriorates the impact on the bid-ask spread increases both in
magnitude and significance. That is, a bond with a credit rating of 2 (i.e., Aa2 (high
grade)) costs 0.63 cent per $100-par for each $1 million in trade size whereas one with
a credit rating of 10 (i.e., Baa3 (lower-medium grade)) costs 1.8 cents per $100-par. For
a $1 million trade and the average bond rating of 7 (i.e., a A3 (upper-medium grade))
the effect on the spread is given by 1.49 cents per $100-par. This suggests that dealers
appear to demand wider spreads when dealing in bonds with higher credit risks, which
appears to be consistent with compensation for Basel risk weights.

Accordingly, the total inventory cost component, βit,n, adds up to roughly 4.05 cents
per $100-par for a $1 million trade, a realized systematic and idiosyncratic bond volatility
of 1%, a bond credit rating of 7, and a dealer CDS and TED spread of a 100 bps. That
is, the total cost component is positive, as expected in terms of inventory models, and
liquidity provision diminishes in both price and credit risks.
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Next, I examine whether the piecewise linear regression approach picks up potential
nonlinearities – coefficients above the $5 million trade size kink are denoted with +5. The
estimate for β5+

4 suggests that the effect of dealer-specific inventory costs on liquidity
provision is nonlinear in trade size: the spread sensitivity to inventory costs is increasing
for trades smaller than $5 million (79th percentile) but marginally decreasing by 0.18
cent per $100-par for a 100 bps dealer CDS spread and each additional $1 million above
the TRACE dissemination cap of $5 million. Similarly, I find a negative but insignificant
estimate for β5+

2 (t-stat= −1.26) indicating that compensation for idiosyncratic price
risks is not or less affected by larger trade size. As illustrated in Table 2.6, inventory
costs for bond ratings appear to be decreasing for $5+ million trades sizes too although
most coefficients do not obtain statistical significance. All other subcomponents show no
apparent nonlinear pattern for trades above $5 million.

Although there is a fair bit of correlation between the explanatory variables that
include trade size, all remaining cost components are also significantly different from
zero. The adverse selection cost component, λ1, is positive such that a $1 million order
flow innovation widens effective half-spreads by 0.38 cent per $100-par (i.e., as dealers
become more likely to suffer (potential) losses from trading with superiorly-informed
counterparties). Since λ5+

1 is also positive, bid-ask spreads appear to be strictly increasing
in adverse selection costs where the lack of significance (t-stat=1.16) is likely related to
TRACE’s trade size cap that renders $5+ million trades undistinguishable for the rest
of the market. Order-processing costs, γitk , are largely dependent on the trade size. I
find γ0, which captures the round-trip costs per $100-par, to be 27.5 cents. A dealer’s
market share, captured in the subcomponent γ1, reduces the effective half-spread by
0.29 cent per $100-par for each 1% market share. The ability to lay off inventory risks
by matching orders more efficiently within their trading networks may enable larger
dealers to charge lower order-processing costs (see Li and Schürhoff (2014)). The effect
of trade size on the bid-ask spread, γ2, is negative: for a $1 million trade the half-spread
declines by 7.38 cents. Given that γ5+

2 is positive and significant the effect is reduced by
nearly one cent per $100-par for each additional $1 million above the initial $5 million.
A decreasing spread for increasing trade sizes is consistent with Huang and Stoll (1997)-
type size bins as well as “quantity discounts” (see, e.g., Edwards et al. (2007) and Green
et al. (2007)), which are appropriate in case of fixed order-processing costs. Besides,
competition among dealer firms and clientele bargaining power may explain the effect.
As insurance companies are important institutional investors, they can be in a position
to bargain for quantity discounts.

Table 2.3 contains effective half-spreads for different trade sizes, CDS spreads, and
realized bond volatilities. Holding the order flow characteristics constant at their av-
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erage values, the share of the entire inventory cost component in the bid-ask spread
is as low as 7.5% (or 1.83 cent per $100-par) for a $0.5 million trade and grows to
87.1% (or 12.54 of the 14.4 cents per $100-par) for the average trade. Average in-
ventory costs are mainly driven by the bond rating subcomponent (40.9%), followed
by idiosyncratic price risks (29.0%), and dealer-specific financing costs (25.9%). For
the computation of the adverse selection component I assume that an insurer’s buy-
order is preceded by a market sell-order. The order flow innovation is then given by
ηtk,n = qtk,n−φE[qtk−1,n|qtk,n] = qtk,n(1−φ2).27 Then, the share of adverse selection costs
in the effective bid-ask spread ranges from 0.7% (or 0.18 cent per $100-par for a $0.5
million trade) to 8.8% (or 1.26 cents per $100-par for the average trade at $3.4 million).
Order-processing costs range from 91% (or 22 cents per $100-par for a $0.5 million trade)
to 4.2% (or 0.6 cents per $100-par for the average trade at $3.4 million). As trade size
increases, growing quantity discounts lead to negative order-processing costs that are off-
set by larger inventory costs. That is, “quantity discounts” are the driving factor behind
narrower bid-ask spreads.

Insert Table 2.3 here

For an average trade, dealer-specific inventory financing costs account for 7.3% in case of
the 25th percentile CDS spread (or 0.88 cent on $100-par) and 29.4% in case of the 75th

percentile CDS spread (or 4.64 cent on $100-par). In extreme cases this contribution can
grow up to 77.4% in case of the 95th percentile CDS spread (or 9.65 cents on $100-par).
This is a clear indication that cross-sectional differences in dealers’ inventory financing
costs matter for the cost of liquidity provision. In fact, the extent to which a dealer
is constrained in her ability to obtain short-term funding has a considerable economic
impact on the size of the bid-ask spread and can weaken the competitive position with
respect to her peers. The variation in the effective half-spreads due to changes in a bond’s
realized idiosyncratic volatility are similarly pronounced: they range from 11.3% for the
25th percentile (or 1.37 cents on $100-par) to 81.3% for the 95th percentile (or 10.62 cents
on $100-par).

2.4.2. Regression Results (same dealer trade pairs)

Table 2.4 contains the estimates when using trades made by the same dealer in the same
bond within a 24-hour time window (i.e., regression equations (2.7) and (2.10)). In this

27I leave the size of qtk−1,n undetermined. Under the implicit assumption that the AR(1) error is Gaussian
white noise and using the projection theorem we have E[qtk−1,n|qtk,n] = φqtk,n.
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implementation of the price impact regression I can separately identify the time-invariant
intercept captured in β0 and γ2.

Insert Table 2.4 here

In comparison to Table 2.2 the estimate of φ more than doubles to -0.40 suggesting more
pronounced inventory management. Given the change in the sample composition, this
decrease is expected. The subsample of same dealer trade pairs contains a large number
of offsetting trade pairs, which are by definition strongly negatively correlated.

Throughout all specifications β0 is negative, economically meaningful, and signifi-
cantly different from zero. At the same time, I find γ0 to be positive and significant
where the sum of the two coefficients remains negative, -0.015 (p-value= 0.005). This is
consistent with the earlier finding.28

In terms of economic magnitude the coefficient β0 implies that for a $1 million trade
insurers receive a 3.15 cents per $100-par price concession. Given the prevalence of off-
setting trade pairs in comparison to the baseline sample, this result points to narrower
bid-ask spreads in case trading positions are likely to be offset within the trading day.
This finding appears to be consistent with empirical evidence by Choi and Huh (2016)
and Schultz (2017), who document that pre-arranged dealer trades that are offset within
the same day show narrower bid-ask spreads. Accordingly, a negative β0 can be inter-
preted as a discount for “customer liquidity provision” (Choi and Huh (2016)). That is,
the idea that a dealer, instead of taking a bond into her inventory, searches for another
non-dealer counterparty (here another insurer) who is willing to assume the position for
a discount. As β5+

0 is positive and statistically significant, offsetting price concessions ap-
pear to be nonlinear in trade size and less pronounced for trades larger than $5 million,
which are likely harder to re-trade completely within a trading day.

All other estimates still confirm the significance of inventory costs.29 The coefficient
for dealer-specific inventory financing costs, β4, slightly increases to 1.88 cents per $100-
par and remains highly significant. Since a dealer cannot be sure to fully re-trade an
acquired position within the same trading day the risk of capital commitment always
persists. Thus, even when trades are likely to be offset within a short period of time,

28Without dealer inventories or the identities of insurance companies it is difficult to tell β0 and γ0 apart.
Analyzing the customer-dealer relationships should give a better distinction of the two coefficients.
Given my data limitations, however, this kind of analysis is beyond the scope of the paper.

29Specifications 2 to 4 in Table 2.4 indicate that the results are robust in case intermediate order flow
innovations are ignored, and standard errors are computed using a block bootstrapping methodology,
or are clustered at the dealer-times-trade-week level. The latter is only feasible when using same dealer
trade pairs and allows for correlation between different bonds traded by the same dealer.
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dealers’ inventory financing costs continue to widen bid-ask spreads. The estimates on
inventory price risks both increase in absolute terms in comparison to Subsection 2.4.1.
In particular, β1 increases by a factor of nearly six. This suggests that when dealers
intend to offset trading positions and grant price concessions to investors they become
wary of within-day systematic price fluctuations and tend to (strategically) tighten bid-
ask spreads in order to balance inventories during volatile market periods.30 Lastly, while
the increasing price pattern on bond credit ratings still holds (see Table 2.6) they play
a much smaller role and are mostly insignificant.

Comparing the estimates for the adverse selection cost component, λ1, in specifica-
tions 1 and 2 highlights the importance of correcting for intermediate order flow innova-
tions, which underscores the need for time stamps. In comparison to Subsection 2.4.1, the
subcomponents that make up order-processing costs, γitk , are all positive now. However,
γ0 drops by 17.3 cents pointing to considerably smaller round-trip costs and narrower
bid-ask spreads, which is in line with the idea of “customer liquidity provision”. Now,
effective half-spreads increase by 0.29 cent per $100-par for each 1% of market share.
Similarly, I now find a positive but small estimate of 0.93 cent per $100-par for each $1
million in trade size. Both findings appear to point into the direction of Li and Schürhoff
(2014) who document that the most central and in terms of trading activity most active
dealers within a trading network are able to charge higher mark-ups for immediacy.

Specifications 5 holds the estimates when I employ regression equation (2.9) instead of
equation (2.10) on same dealer trade pairs. That is, in case I drop inventory terms instead
of approximating the inventory change with −qtk−1,n = I itk,n − I

i
tk−l,n

. In comparison to
specification 1, the estimate for β4 is considerably smaller. Keeping in mind that equation
(2.10) itself builds on an approximation of inventory changes, it appears that the bias
from dropping inventory terms in equation (2.9) tends to reduce estimates. As such,
inventory effects in Subsection 2.4.1 could be underestimated.

In specification 6, I nest the inventory subcomponents of regression equations (2.9)
and (2.10) such that βit,n now involves terms multiplied by qtk,n and ∆qtk,n (I denote
the latter with an asterix). Importantly, the coefficient on dealer-specific inventory fi-
nancing, β4, appears to be hardly affected by the inclusion of the additional regressors(
CDSitqtk,n − CDSitqtk−1,n

)
given in the last column. In fact, with the exception of β∗1

the inventory coefficients coming from equation (2.9) are all insignificant. While a joint
F-test including β∗1 cannot be rejected (p-value= 0.003) the joint effect does not obtain
strong significance once I exclude β∗1 (p-value= 0.099).

30Notably, the average realized bond volatility in the same dealer trade pair sample is 1.4% and thus
0.5% higher than in the sample of consecutive price differences.
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Insert Table 2.5 here

Table 2.5 contains average effective half-spreads for different trade sizes, CDS spreads,
and bond volatilities. In contrast to Table 3, they are considerably lower for various
levels of trade size, which is consistent with the idea of “customer liquidity provision”.
The share of the dealer-specific inventory financing costs ranges from 7.5% (or 0.85 cent
per $100-par for a $0.5 million trade) to 33.8% (or 6 cents per $100-par for a $7.5 million
trade). For an average trade, the financing costs of an unconstrained dealer (i.e., 25th

percentile CDS spread) contribute 16.8% to the bid-ask spread while a constrained dealer
contributes 42.1% (i.e., 75th percentile CDS spread). That is, the relative importance of
dealer CDS spreads on transaction costs are qualitatively similar to those reported in
Subsection 2.4.1. The total contribution of inventory costs matters much less though. In
fact, the inventory intercept, β0, appears to be the key determinant reducing the impact
of inventory costs on bid-ask spreads.

2.4.3. Bid-Ask Spread Component Variation over Time

Time-variation in dealers’ liquidity provision should reflect changes in their cost of pro-
viding liquidity. For this purpose, I re-estimate equations (2.7) and (2.9) on a bi-annual
basis excluding rating dummies to compute the average effective half-spread over time.31

I then plot the series over the twelve-year sample period using a one-year moving average.

Insert Figures 2.4 and 2.5 here

Figure 2.4 illustrates that there is indeed substantial time-variation in the average ef-
fective half-spread. Moreover, this variation is linked to fluctuations in the components
comprising the bid-ask spread. The cost of liquidity provision co-moves strongly with the
aggregate market condition at the time. With the recovery from the tech bubble burst in
2001, market liquidity gradually improves and reaches an all-time high during the years
2004 to early 2007 where the average effective half-spread hovers at 8.5 cents per $100-
par. During this period dealers scale up their balance sheets via cheap short-term funding
where industry-wide figures indicate that their repo liabilities double from roughly $1
trillion to $3 trillion (Rosengren (2014)). From then on, the importance of inventory
costs in the bid-ask spread increases where from 2006 onwards inventory financing costs

31Using bi-annual subperiods the estimates on rating dummies are particularly noisy, which unnecessarily
distorts the composition of effective half-spreads. Likely for similar reasons, the estimates for λtk are
noisy and negative at the beginning of the sample period.
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are the dominant determinant.32 The relative importance of both the inventory and the
adverse selection costs drastically increase with the onset of the financial crisis in August
2007. We see an abrupt increase in the average cost of liquidity provision. The effective
half-spread close to doubles from 10 to roughly 19 cents per $100-par. The impact of
inventory costs, primarily driven by a surge in counterparty credit risks, rises by a factor
of nearly two. In March 2008, with the collapse of Bear Stearns, the half-spread jumps
again to around 26 cents per $100-par only to reach its highest point at 28.5 cents per
$100-par after the Lehman Brothers default in the second half of 2008. Importantly,
following its initial surge and driven by a strong reduction in inventory financing costs,
the inventory cost component steadily declines from 14 to roughly 11 cents per $100-par
in the period that is associated with the onset of the Federal Reserve credit facilities
accessible to dealer subsidiaries of depository institutions (see Subsection 2.5.2). After
this peak, average transaction costs slowly but steadily improve. The anew rise in the
average effective half-spread in the late 2010 to 2012 may be related to the European
sovereign debt crisis where concerns about (European) banks grew. Also, with the intro-
duction of new bank regulation such as the Dodd-Frank act and more stringent capital
requirements under the new Basel accords in 2010 the capital cost for risky inventories
increased (Duffie (2012b)).33

Following the increase during the 2007-2009 subprime crisis, it appears that the cost
of liquidity provision has fallen to around 14 cents per $100-par, but has not yet entirely
reverted back to pre-crisis levels. Over time, the relative importance of inventory costs
in the bid-ask spread has grown and is, on average, 10 percentage points higher than
before the financial crisis. Notably, the time variation in the order flow autocorrelation
parameter, φ, suggests that active inventory management has become more important
ever since the financial crisis (see Figure 2.5). All these fluctuations in the composition of
the bid-ask spread point toward an increased importance of inventory costs in corporate
bond liquidity provision that is consistent with a rise in the cost of committing capital
to risky trading positions (Bessembinder et al. (2016)).

32The spike in 2005 reflects an increase in inventory price risks due to amplified realized (idiosyncratic)
volatility that is likely related to the downgrade of Ford and GM bonds, which form a considerable
part of the sample.

33Scheduled to take effect on July 21, 2012 the Volcker Rule became effective on April 1, 2014 and
prohibits proprietary trading for institutions with access to FDIC insurance or to the Federal Reserve’s
discount window.
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2.5. Dealer Funding Constraints and the Financial Crisis

The inventory spread component, βit,n, identifies dealers’ inventory costs and thus serves
as a proxy for reductions in available risk-bearing capacities. Theoretical work by Gromb
and Vayanos (2002) and Brunnermeier and Pedersen (2009) suggests that such reductions
become particularly relevant during times of funding stress. Examining parameter shifts
in the inventory cost component should therefore improve our understanding of the link
between financing constraints and liquidity provision. With the onset of the subprime
crisis, I can study bid-ask spreads under two opposing financing regimes: First, a period of
industry-wide strains in short-term funding markets that should result in severe financing
constraints across all dealers (July 17, 2007 to December 12, 2007). And, second, a
period of Federal Reserve funding support provided exclusively to depository institutions
that mitigated strains in short-term funding markets for selection of dealer subsidiaries
(December 17, 2007 to March 17, 2008). In Subsection 2.5.1 I investigate whether market-
wide funding stress increase the bid-ask spread sensitivity to dealer-specific inventory
financing costs (i.e., the “flight to quality” hypothesis proposed by Brunnermeier and
Pedersen (2009)). In Subsection 2.5.2 I study the effect of an exogenous, positive shock
to funding availability for a subset of dealers in the context of a quasi-natural experiment.

2.5.1. Market-Wide Dealer Financing Stress

A first notable event signaling the advent of the subprime crisis was on July 17, 2007
when Bear Stearns reported that two hedge funds invested in mortgage-backed securities
(MBS) had lost more than 90% of their value. This set the ball rolling and on August 7,
2007, BNP Paribas announced that it would halt redemptions of shares held in three of
its money market funds partially invested in MBS. Both reports had a profoundly neg-
ative impact on liquidity in short-term funding markets. Two dynamics rapidly raised
dealer’s short-term financing costs: first, a sudden increase in (perceived) counterparty
credit risk where wholesale lenders were unable to tell which financial institutions and
dealer subsidiaries might be subject to potentially large losses. And, second, the hoard-
ing of interbank market liquidity, which effectively reduced the channels through which
financial institutions were able to obtain short-term funding. The sudden deterioration
of borrowing conditions in short-term funding markets increased financing costs (visible
in the TED spread’s spike in August 2007; see Figure 2.2) which should translate into a
higher relative importance of inventory financing costs in the bid-ask spread.

To test this hypothesis, I repeat the estimation of equations (2.7) and (2.9) on a pe-
riod without financing stress (July 01, 2002 to July 16, 2007) and a period with financing
stress (July 17, 2007 to December 12, 2007) and examine potential shifts in the estimates
of the inventory spread component, βit,n. As a reference point I start the analysis with
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the entire investment-grade bond sample. In addition, I sort investment-grade bonds into
a subsample of low- and one of high-volatility bonds using their rolling 90-day realized
total volatility. The regression estimates can be found in Table 2.7.

Insert Table 2.7 here

Let me start with the estimates for all bonds (specifications 1 and 2): In the pre-stress pe-
riod, with the exception of β1, all relevant estimates are still consistent with the baseline
findings (i.e., correct signs and comparable, (significant) magnitudes). Without funding
stress a bond’s systematic volatility has an insignificant but slightly positive impact on
bid-ask spreads now. For the period associated with financing stress I find more appar-
ent changes though. The estimate of φ nearly doubles to -0.198 suggesting that active
inventory management now plays a bigger role. Likely due to the lack of power given
the limited number of observation, I only obtain sufficient statistical significance for the
subcomponents γ0, γ2, β3 as well as dealer-specific financing costs, β4. While realized
idiosyncratic bond volatility remains fairly constant across the pre-stress and the stress
period (on average it reduces from 0.8% to 0.6%), the sensitivity with respect to id-
iosyncratic price risks, β3, increases by 43% from 1.29 cents to 1.47 cents per $100-par.
While the coefficient associated with dealer-specific inventory financing risk, β4, shrinks
to roughly 60% of its pre-stress value (i.e., from 4.4 to 2.56 cents per $100-par) the
average dealer CDS spread increases by a factor of 2 (i.e., on average from a 30 bps
pre-stress to a 60 bps CDS spread with funding stress). Hence, in absolute terms we see
an increase of 15.3% in the total effect of dealer-specific inventory financing costs on the
effective half-spread (from 4.9 to 5.7 cents per $100-par); see Table 2.8 for a comparison
of effective half-spreads. Thus, this appears to be consistent with the notion that growing
financial constraints limit dealers’ risk-bearing capacities.

Insert Table 2.8 here

The “flight to quality” hypothesis of Brunnermeier and Pedersen (2009) suggests that
riskier securities become increasingly illiquid (i.e., demonstrate a higher sensitive to fi-
nancing stress) “when [dealer] capital deteriorates, which induces [dealers] to mostly pro-
vide liquidity in securities that do not use much capital (low-volatility [bonds] with lower
margins), implying that the liquidity differential between high- and low-volatility [bonds]
increases”. I assess this prediction by comparing the relative importance of dealer-specific
inventory financing costs for high- and low-volatility bonds (see specifications 3 to 6 in
Table 2.7). In the pre-stress period, both subsamples show similar estimates for dealer-
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specific inventory financing costs, β4, which are given by 4.9 and 4.2 cents per $100-par
respectively. Heading into the period of financing stress, however, the high-volatility sub-
sample maintains a much higher sensitivity to dealer-specific inventory financing costs
than the low-volatility subsample (i.e., a difference of 3.7 cents). Moreover, β4 remains
highly significant (t-stat=2.47) for the high-volatility subsample while it does not obtain
statistical significance (t-stat=0.71) for low-volatility bonds. As dealer CDS spreads are
the same across the two subsamples the shift in the coefficients highlights the increased
sensitivity to inventory financing costs in the high-volatility subsample. This is even
more apparent in the total effect on the bid-ask spread (see Table 2.8). In absolute terms
dealer-specific financing costs increase from by 68% (from 5.9 to 10 cents per $100-par).
In comparison, within the low-volatility subsample the absolute contribution to the ef-
fective half-spread declines by 35% (from 4.4 to 1.5 cents per $100-par). Thus, these
findings suggest that high- (low-) volatility bonds show a stronger (weaker) sensitivity
to inventory costs.

Lastly, Table 2.8 also holds the total liquidity differential between high- and low-
volatility bonds before and with financing stress. This difference is given by 10.4 cents in
the pre-stress period. As funding conditions worsen this differential jumps to 16.9 cents
per $100-par. The differential’s change in composition is striking: in absolute terms the
contribution of dealer-specific inventory financing costs increases from 1.5 cents to 8.4
cents per $100-par. That is, during financing stress 50.1% of the differential between
high- and low-volatility bonds is due to higher inventory financing costs (in comparison
to 14.5% in the pre-stress period). This suggests that dealers charge higher fees for the
inventory financing of capital-intensive high-volatility bond positions.

2.5.2. The Federal Reserve Credit Facility

In December 2007 the tensions in wholesale funding markets intensified. In an attempt to
forestall any further tightening of lending conditions the Federal Reserve established an
emergency credit facility. Announced on December 12, 2007 and effective from December
17, 2007 onward, the Term Auction Facility (TAF) functioned as a repo-like collateralized
loan facility. Its focus was on depository institutions, and therefore the credit facility was
accessible only to dealer subsidiaries of commercial banks. As a consequence, non-bank
dealers and more importantly all dealer subsidiaries of investment banks were not eligible.
This offers a clear partition of dealers into a treatment and a control group.

The treatment period is also clearly defined: when the strains in funding markets
escalated, peaking in the takeover of Bear Stearns on March 16, 2008, two additional
emergency facilities were opened that largely targeted those investment banks and im-
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portant non-bank dealers that had not been eligible at the TAF.34 As such, July 17, 2007
to December 11, 2007 constitutes the pre-treatment period while the time span from De-
cember 12, 2007 to March 15, 2008 represents a period of selective funding support for
a particular subset of banks and their dealer subsidiaries.

I claim the eligibility to the credit facilities is exogenous, for the following reasons.
Establishing the TAF, the Federal Reserve set out to mitigate funding problems for
the banking system as a whole and not the dealer industry in particular. To achieve
the former, it granted funds to a broader range of counterparties than it would have
through its open market operations with a considerably smaller number of so-called
primary dealers.35 This means we have no pre-selection of only the largest institutions.
Within my sample, the pre-treatment period saw 74% of trades conducted by 33 eligible
depository institutions where twelve of them, responsible for 51% of the trades, also
carried the status of a primary dealer. All 18 primary dealers account for 68% of the
trading. The six primary dealers that are not eligible at the TAF account for 17% of
the trades, and thus a substantial part of the market. Arguably, the facility placed reach
over depth supporting the claim that eligibility was exogenous to the financing needs of
some of the most active bond dealers.36 Adding to this is Figure 2.6, which illustrates
the time series CDS averages of the two groups. The control group shows slightly higher
CDS spreads, which supports the claim that access to the facilities ignored the severity
of financial constraints of key dealers. Also visible is that access to the facility did not
mitigate dealers’ credit risks.37 Thus, amid widespread concerns about the condition of
many financial institutions, what set treated dealer subsidiaries apart was the option to
borrow from a lender of last resort.

This exogenous, positive shock to funding availability can be used as a clean quasi-
natural experiment, which allows a study of liquidity provision while differentiating be-
tween treated and non-treated dealers. I argue that the Federal Reserve acted as a lender
of last resort providing short-term financing at times when funding markets were under
stress and wholesale investors became reluctant to lend. This supply of credit led to a

34Announced on March 16, 2008 and operational on March 17, 2008 the Primary Dealer Credit Facility
(PDCF) also functioned as a collateralized loan facility. While the Term Securities Lending Facility
(TSLF) was operational on March 27, 2008 and swapped liquid Treasury securities for eligible (but
less liquid) collateral.

35Primary dealers are counterparties to the New York Federal Reserve in its conduct of monetary policy.
A prerequisite is an active market presence. Before March 2008, 12 of the 18 primary dealer were also
depository institutions.

36During treatment there were no conversions from investment to commercial banks in order to gain
eligibility at the TAF.

37In fact, visible in Figure 3.1, it was the equity capital injections under the Troubled Asset Relief
Program (TARP) that successfully lowered banks’ risk of bankruptcy and relaxed lender concerns (see
Veronesi and Zingales (2010)).
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relaxation of funding constraints that should markedly reduce the bid-ask spread sen-
sitivity to dealer-specific inventory financing costs for treated dealers. Using publicly
available data from the Federal Reserve, I am able to link the amount lent at the TAF
as well as the maturity of the loans to a dealer’s parent company.

Thus, does access to the TAF lower effective half-spreads? Figure 2.7 allows a graph-
ical inspection and illustrates the 30-day moving average of the median and volume-
weighted average effective half-spreads.38 For reference, I normalize both series by their
respective values on the TAF announcement date. In the pre-treatment period the effec-
tive half-spreads show parallel trends: as credit conditions tighten transaction costs for
both dealer groups generally increase. A t-test of the difference in the growth rates of
effective half-spreads confirms this and turns out insignificant both statistically and eco-
nomically: for the median series it is 0.40% (t-stat= 0.79) while it is 0.16% (t-stat= 0.29)
for the average series. After the introduction of the TAF, however, the effective half-
spreads charged by treated dealers level out and remain rather constant around their
normalized value of one. The control group, in contrast, shows a continuous increase in
effective half-spreads. This difference suggests that the credit facility stalled the rising
illiquidity at least during this early stage of the 2007-2009 financial crisis.

To confirm this result in the context of my regression model, I extend equation (2.9)
to a difference-in-differences (DiD) framework. Specifically, I create the dealer-specific
variable, δiFED, that is equal to one if a dealer’s parent company has access to the TAF
and zero otherwise, and an indicator variable, δt,POST , equal to one if the trade happens
after the inception of the credit facility. I exploit variation in dealers’ market share
when analyzing the impact of the TAF on bid-spreads.39 Specifically, I construct a DiD
estimator on the dealer-specific financing subcomponent interacted with market share,(
MSit × CDSit

)
. This additional subcomponent augments the half-spread in equation (2.3)

with the following terms:

38Effective half-spreads are computed using the difference between the observed transaction prices of
matched TRACE trades and the average volume-weighted mid quote using all TRACE data.

39While the twelve eligible primary dealers combined borrow, on average, roughly $350 million more
than the remaining depository institutions, it is not dealer size or CDS spreads per se that are driving
credit demand at the TAF. Rather, it appears to be the interaction of these two variables. To assert
this, I run a straightforward tobit regression of the maximum outstanding credit per dealer on the
respective market share and CDS spread at the time using standardized variables. This yields signif-
icant coefficients of 0.15 for market share and one of 0.30 for the CDS spread while the interaction
term is given by 0.40 with a t-stat=2.03. This suggests it is the combination of being a dealer with
a large market share and a high CDS spread that increases the propensity for financing needs. This
approach is similar in spirit to Card (1992) who exploits regional variation to measure the impact of
a federal minimum wage in a DiD framework.
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MSitCDSit
(
β5 + βf5 δ

i
FED + βp5 δt,POST + βfp5 δiFED δt,POST

)
(2.11)

To test whether access to the credit facilities makes an identifiable difference in dealer-
specific inventory financing costs the primary coefficient of interest is βfp5 (i.e., the DiD es-
timate). Comparing the treated with the control group over time, this coefficient captures
the relative difference in the average bid-ask spread sensitivity to dealer-specific financing
costs in case of funding support. One would expect a negative effect given a relaxation of
financial constraints through a lender of last resort. Moreover, dealer-specific financing
costs are expected to be lower for larger dealers as their borrowing at the facility is likely
to have had more of a bite. All remaining interaction effects are controls and of secondary
importance. For trade pairs including unmatched TRACE trades I replace δiFED with
its expectation in the pre-treatment period such that E[δiFED|δt,POST = 0] = 0.74. The
estimation window spans from July 17, 2007 to March 15, 2008 and thus includes the
months of market-wide funding stress. Treatment starts on December 12, 2007 with the
announcement of the TAF. Instead of a fixed-effect regression model, I use WLS where
weights are given by the inverse of the hours elapsed between transactions. This is be-
cause bond fixed-effects would largely capture the treatment effect (i.e., smaller effective
half-spreads) for bonds that are predominately traded by treated dealers. The estimates
can be found in Table 2.9.

Insert Table 2.9 here

Consider specification 1: the DiD estimate, βfp5 , capturing the difference between the
treated and the control over time given access to the TAF is −0.87 cent for each $1 mil-
lion in trade size, a dealer CDS spread of 100 bps, and a 1% market share. As expected,
the effect is negative and economically strong, especially since the average treated dealer
holds a market share of 6.1%. As such, the estimate is strongly consistent with a re-
laxation of financial constraints in case of access to the credit facilities and particularly
prominent with dealers showing a higher propensity for financing needs. Importantly, the
DiD estimator differences away any permanent difference between the groups (captured
in βf5 and statistically significant) as well as any common trend affecting both groups
(captured in βp5 but statistical insignificant). These estimates suggest that treated deal-
ers showed a roughly 1 cent higher sensitivity to dealer-specific financing costs in the
pre-treatment period. As a consequence of the TAF, this difference between the treated
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and the control is lowered significantly to merely 0.1 cent. At the same time, however,
both groups were similarly affected by increasing funding strains visible in the rising
CDS spreads of Figure 2.6. This is where the effect of the Federal Reserve funding sup-
port kicks in: while the control group shows an increase in sensitivity to funding costs of
0.13 cent over time, the treatment group experiences a reduction of (0.13−0.87)= −0.74
cent. This supports the findings illustrated in Figure 2.7 as it indicates that access to
the credit facility stalled rising illiquidity among eligible dealers by temporarily low-
ering their inventory financing costs, while dealers without access to the TAF faced a
continuous incline in their costs of liquidity provision.

Specification 2 of Table 2.9 indicates that for a high-volatility bond, βfp5 , is highly
significant (t-stat= −2.3) and given by −1.4 cents for each $1 million in trade size, a 100
bps CDS spread, and a 1% market share. Specification 3, in contrast, suggests that for
low-volatility bonds the same difference is statistically insignificant (t-stat= −0.37) and
given by merely −0.17 cents. This indicates that high-volatility bonds are more sensitive
to a relaxation of financial constraints, which appears consistent with the findings in
Subsection 2.5.1.

Insert Table 2.10 here

Table 2.10 holds the effective half-spreads for all investment-grade bonds as well as the
high- and low-volatility subsamples. In terms of economic magnitude access to the facility
yields a 7.29 cents per $100-par liquidity differential across all bonds. Striking is the
relative contribution of the subcomponents: dealer-specific inventory financing costs are
associated with (2.7+3.8)=6.5 cents per $100-par for eligible dealers (or combined 45.4%
of the bid-ask spread), while dealers without access at the TAF charge (5.1 + 6.7) = 11.8

cents per $100-par for inventory financing (or combined 54.4% of the bid-ask spread).
This suggests that lowering the funding constraints of the treated drastically reduced
their inventory financing costs. Lastly, the liquidity differential between the treated and
the control is considerably larger for high-volatility bonds and given by −17.5 cents.
In contrast, low-volatility bonds show a small, positive liquidity differential of 2.3 cents
where the difference is primarily due to the reduced significance of βfp5 . This supports
the idea that liquidity provision in high-volatility bonds appears to be more sensitive
to a relaxation of financial constraints and indicates improvements in treated dealers’
ability to commit financing to riskier trading positions.
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2.6. Conclusion

In this paper, I construct a unique dataset that links dealer identities with transaction
prices and provides a novel empirical perspective on the link between market liquidity
and funding liquidity (Gromb and Vayanos (2002); Brunnermeier and Pedersen (2009))
in one of the world’s largest decentralized OTC debt markets. As U.S. bond markets
are largely decentralized, dealers retain a pivotal presence by facilitate the buying and
selling between investors across time. This provision of liquidity is of critical importance
to institutional investors who worry about the cost of trading into or out of a desired
position. In their role as liquidity providers, these dealers build up considerable inven-
tories for which they rely on short-term funding. The latter exposes dealers to debt run
and rollover risk where temporary funding shortages, at least in the short-term, can limit
their risk-bearing capacities and increase the cost of liquidity.

I show empirically that dealers’ financing constraints (as proxied by their CDS
spreads) are a critical determinant of their cost of liquidity provision (as measured by the
effective bid-ask spread). More constrained dealers post wider effective bid-ask spreads,
suggesting that dealers’ financing constraints matter for the cost of liquidity in corporate
bond markets. Decomposing the bid-ask spread into several subcomponents, I find that
cross-sectional differences in dealers’ inventory financing costs explain a large part of
the variation in the inventory cost component of the bid-ask spread. The fraction of the
effective half-spread that is driven by the dealer-specific inventory financing component
amounts to 22.6% (or 3.25 of 14.4 cents per $100-par) for an average insurer trade. In
comparison, for an unconstrained bond dealer (i.e., 25th percentile CDS spread) the in-
ventory financing component merely contributes 7.3% to the bid-ask spread, while for
a constrained bond dealer it contributes 29.4% (i.e., 75th percentile CDS spread). In
absolute terms this translates into 3.7 cent per $100-par effective half-spread differential.

Using a subsample of my data, I find that total inventory costs matter less if trading
positions can be offset within the same trading day. I document inventory related price
concessions that are consistent with narrower bid-ask spreads in case dealers re-trade
positions quickly, which appears consistent with the idea of “customer liquidity provision”
(Choi and Huh (2016)). However, I still find that cross-sectional differences in dealer-
specific financing costs matter for the costs of liquidity provision: an unconstrained dealer
contributes 16.8% to the bid-ask spread while a constrained dealer contributes 42.1%.

In addition to dealer-specific inventory constraints, I find that inventory price risks
(proxied by a bond’s realized systematic and idiosyncratic volatility) widen bid-ask
spreads. Liquidity provision in high-volatility bonds, likely to pose a greater challenge
from a risk-management standpoint, comes at a higher costs than liquidity provision
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in low-volatility bonds. Bonds’ credit ratings also increase trade execution costs to the
extent that dealers demand wider bid-ask spreads when dealing in issues with higher
credit risks.

Part of the analysis explores dealer liquidity provision during the 2008 subprime
crisis. I find that industry-wide strains in short-term funding markets increase the rela-
tive importance of inventory costs in the bid-ask spread and consequently exacerbate
illiquidity in times of stress. Heightened concerns about dealers’ credit risks appear
to intensify financing constraints limiting dealer risk-bearing capacities especially for
inventory-intensive, high-volatility bonds. Transaction costs for the latter, in compari-
son to low-volatility bonds, are clearly more sensitive to inventory financing costs, which
is consistent with the “flight to quality” hypothesis proposed by Brunnermeier and Ped-
ersen (2009). The liquidity differential between high- and low-volatility bonds jumps
from 10.4 to 16.9 cents per $100-par during funding stress of which 50.1% are due to the
difference in dealer-specific inventory financing costs.

Finally, using dealer identities in the context of a quasi-natural experiment, I study
the liquidity provision of dealers with and without access to a Federal Reserve emergency
credit facility. I show that this positive shock to funding availability temporarily alleviates
liquidity problems among eligible dealers. The option to access the TAF credit facility is
associated with markedly reduced inventory financing cost and narrower bid-ask spreads,
which is consistent with the notion of a relaxation of financing constraints. Specifically,
for an average trade dealer-specific inventory financing costs account for 45.4% (54.4%)
of the bid-ask spread for dealers with (without) access (i.e., a 5.26 cents per $100-par
half-spread differential). This suggests that access to the credit facility stalled rising
illiquidity among eligible dealers by temporarily lowering their inventory financing costs,
while dealers without access to the TAF faced a continuous incline in their costs of
liquidity provision.
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2.7. Figures

Figure 2.1: Cross-Sectional Dispersion in Dealer CDS Spreads

Note: This figure illustrates the daily volume-weighted average dealer CDS spread and the lowest/highest CDS quintiles.
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Figure 2.2: Average Dealer CDS Spread and TED Spread

Note: This figure illustrates the comovement between the average dealer CDS spread and the TED spread.
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Figure 2.3: Dealer Trading Activity (Trade Size and Trades)

Note: The upper (lower) panel holds trading activity in terms of trade size (trades) for the most active 5, 10, 25, and 50

dealers.

Solid (dashed) lines are from the cleaned Enhanced TRACE data (the sample of matched TRACE trades).
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Figures

Figure 2.4: Time-Variation in Effective Half-Spread Components

Note: This figure illustrates the average effective half-spread from bi-annual regressions using a one-year moving average.
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Figure 2.5: Time-Variation in Order-Flow Autoregression Parameter

Note: The figure illustrates the fluctuation of the estimated order flow autocorrelation parameter, φ.
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Figure 2.6: CDS Spreads of Treatment and Control Group

Note: The upper (lower) panel holds the average equally-weighted (volume-weighted) CDS spread differentiating treated

and control group.
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Figures

Figure 2.7: Observed Effective Half-Spread for Treatment and Control Group

Note: The upper (lower) panel holds the observed median (average) half-spread normalized to one at the start of

treatment.
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2.8. Tables

Table 2.1: Summary Statistics for the Sample of Matched TRACE Trades

2002 2003 2004 2005 2006 2007 2008

Mean Med Std Mean Med Std Mean Med Std Mean Med Std Mean Med Std Mean Med Std Mean Med Std

#Obs 13,522 30,576 30,476 27,263 26,258 22,172 19,913
#Bonds 2,920 4,370 4,439 4,519 4,684 4,490 4,129
Issuance 330 200 412 324 200 418 368 248 474 374 250 398 408 250 459 472 300 512 512 300 608
Maturity 12.2 10.2 10.4 12.5 10.2 10.4 12.1 10.2 9.9 11.5 10.1 9.9 11.5 10.1 10.6 12.0 10.2 10.3 12.1 10.2 9.7
Yield 7.0 7.0 1.2 6.7 6.8 1.4 6.3 6.6 1.6 6.0 6.2 1.6 6.0 6.0 1.4 6.1 5.9 3.8 6.1 5.9 1.3

Rating 6.7 7.0 2.1 7.0 7.0 2.1 6.9 7.0 2.1 6.9 7.0 2.1 6.9 7.0 2.1 6.6 7.0 2.2 6.5 6.0 2.2
Age 3.0 1.9 3.0 2.9 2.0 2.9 3.0 2.2 2.8 3.5 2.8 2.8 3.9 3.4 3.0 4.0 3.5 3.2 4.0 3.4 3.5

Turnover 15.7 10.8 17.6 14.2 8.9 19.1 11.5 7.1 15.8 8.9 5.6 11.5 8.1 5.1 10.1 8.0 4.7 10.2 8.1 4.9 10.2
Trd Size 3,787 2,000 4,902 3,473 2,000 4,826 3,366 1,500 4,835 3,242 1,660 4,490 3,601 2,000 4,806 3,551 2,000 4,870 3,228 1,625 4,433
#Trds p.m. 57.3 26.0 90.4 46.0 23.0 70.7 32.6 18.0 46.2 26.6 14.0 47.3 21.0 12.0 25.3 22.7 13.0 28.7 34.2 17.0 52.0
#Trds p.d. 5.0 3.0 7.8 4.1 2.0 6.3 3.1 2.0 4.4 2.7 2.0 3.6 2.3 2.0 2.6 2.5 2.0 3.2 3.6 2.0 6.6
Sells 48.1 Buy 50.0 46.6 Buy 49.9 48.6 Buy 50.0 53.1 Sell 49.9 55.9 Sell 49.7 55.1 Sell 49.7 48.6 Buy 50.0

2009 2010 2011 2012 2013 2014 2003-2013

Mean Med Std Mean Med Std Mean Med Std Mean Med Std Mean Med Std Mean Med Std Mean Med CAGR

#Obs 24,417 23,599 21,725 20,269 19,499 8,533 22,171 -4.0
#Bonds 4,179 4,059 3,891 4,063 3,984 2,906 4,049 -0.8
Issuance 549 345 661 615 350 790 694 500 727 632 500 608 630 500 593 627 500 541 503 342 6.2
Maturity 13.1 10.2 11.9 14.2 10.2 12.7 13.9 10.2 11.0 13.2 10.2 10.8 14.7 10.2 11.2 14.4 10.2 11.3 12.9 10.2 1.5
Yield 6.1 6.0 1.3 5.9 6.0 1.5 5.5 5.5 1.6 5.0 5.0 1.8 4.8 4.8 1.8 4.5 4.5 1.7 5.9 5.9 -3.0

Rating 6.8 7.0 2.2 6.8 7.0 2.2 6.8 7.0 2.1 7.2 7.0 1.9 7.4 8.0 1.8 7.4 7.0 1.8 6.9 7.0 0.5
Age 3.9 2.7 3.6 4.3 3.2 3.5 4.3 3.4 3.5 4.3 3.6 3.8 4.7 3.8 4.0 5.1 3.9 3.7 3.9 3.1 4.5

Turnover 8.4 5.5 10.8 6.4 4.0 8.9 6.1 3.9 7.8 6.9 3.8 10.7 5.4 3.5 6.8 4.7 3.1 6.4 8.6 5.4 -8.5
Trd Size 2,940 1,300 4,449 2,748 1,000 4,444 2,659 1,000 4,194 2,390 1,000 3,544 2,405 1,000 3,731 2,501 1,000 3,899 3,069 1,468 -3.3
#Trds p.m. 43.3 25.0 52.5 32.4 20.0 46.6 30.0 20.0 31.9 35.7 20.0 49.3 27.6 18.0 29.5 24.9 17.0 25.8 33.4 18.7 -4.5
#Trds p.d. 4.0 3.0 6.5 3.0 2.0 4.1 2.9 2.0 3.9 3.3 2.0 4.8 2.7 2.0 2.5 2.6 2.0 3.3 3.2 2.2 -3.8
Sells 46.4 Buy 49.9 53.2 Sell 49.9 55.9 Sell 49.7 54.2 Sell 49.8 56.2 Sell 49.6 61.8 Sell 48.6 52.6 Sell 1.7

This table reports summary statistics for the sample of matched TRACE trades (i.e., cross-sectional mean, median, and standard deviation). #Obs is the number of trades in the sample. #Bonds is the number of
bonds. Issuance is a bond’s issued amount (in $ millions). Maturity is the bond’s time to maturity at issuance (in years). Yield , reported only for fixed coupon bonds, is the bond’s offering yield (in %). The last
three statistics are calculated across bond issues taking each issue as one observation. The following statistics are calculated across bond issues taking each trade as one observation. Rating is a numerical translation
of Moody’s rating: 1=Aaa to 21=C. Age is the time since issuance (in years). Turnover is the bond’s monthly trading volume as a percentage of its issued amount (in %). Trd Size is the average trade size of the
bond (in $ thousands). #Trds p.m. (p.d.) is the bond’s total number of trades in a month (day). Sells gives the share of customer sell orders (in %). The columns captioned with 2003-2013 give the average of the
means and medians respectively and CAGR gives the mean annual growth rate for 2003 to 2013.
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Table 2.2: Regression Estimates (different dealer trades)

(1) (2) (3) (4) (5) (6)
FE FE Pooled OLS GMM FE

Baseline (Only CDS) WLS (Bootstrap) (HAC) (matched only)

1st Stage
φ -0.1572 -0.1572 -0.1572 -0.1572 -0.1572 0.0559

(-81.90) (-81.90) (-81.90) (-81.90) (-81.90) (5.90)
φ5+ -0.1911 -0.1911 -0.1911 -0.1911 -0.1911 -0.0431

(-100.62) (-100.62) (-100.62) (-100.62) (-100.62) (-4.63)

Observations 265,409 265,409 265,409 265,409 265,409 12,303

2nd Stage
γ0 0.2750 0.2690 0.2840 0.2750 0.2830 0.2105

(106.40) (92.50) (98.00) (117.50) (130.90) (17.62)
γ1 -0.0029 -0.0020 -0.0040 -0.0028 -0.0029 -0.0048

(-7.72) (-5.10) (-8.71) (-7.23) (-8.01) (-2.88)
γ2 -0.0738 -0.0761 -0.0773 -0.0735 -0.0838 -0.0558

(-28.89) (-26.95) (-22.64) (-29.23) (-46.84) (-5.10)
γ5+

2 0.0099 0.0109 0.0106 0.0097 0.0126 0.0140
(7.04) (7.32) (5.52) (6.66) (10.69) (1.51)

λ1 0.0038 0.0034 0.0057 0.0038 0.0037 0.0007
(4.80) (4.03) (5.27) (5.22) (4.42) (0.24)

λ5+
1 0.0008 0.0010 0.0003 0.0009 0.0008 0.0031

(1.16) (1.31) (0.28) (1.35) (1.12) (1.49)
β1 -0.0027 -0.0004 -0.0026 -0.0025 -0.0024 0.0216

(-1.53) (-0.18) (-1.34) (-1.77) (-1.72) (1.22)
β5+

1 -0.0016 -0.0025 -0.0028 -0.0014 -0.0010 0.0054
(-1.08) (-1.44) (-1.34) (-0.95) (-0.69) (0.41)

β2 0.0128 0.0118 0.0145 0.0125 0.0133 0.0086
(12.50) (10.21) (11.51) (12.40) (13.32) (1.12)

β5+
2 -0.0018 -0.0012 -0.0016 -0.0016 -0.0022 -0.0067

(-1.26) (-0.71) (-0.88) (-1.19) (-1.59) (-1.50)
β3 0.0055 0.0065 0.0054 0.0051 0.0061 0.0361

(3.77) (3.63) (2.83) (3.38) (4.32) (2.19)
β5+

3 -0.0008 -0.0019 -0.0006 -0.0009 -0.0009 -0.0209
(-0.66) (-1.43) (-0.35) (-0.69) (-0.75) (-1.18)

β4 0.0100 0.0099 0.0111 0.0099 0.0102 0.0066
(14.45) (12.02) (12.23) (15.62) (16.07) (2.47)

β5+
4 -0.0018 -0.0012 -0.0022 -0.0018 -0.0017 -0.0028

(-3.16) (-1.88) (-2.71) (-2.96) (-3.03) (-1.10)

Observations 250,331 210,416 250,331 250,331 250,331 11,254
Bonds 9,725 9,168 9,725 9,725 9,725 3,551
R2 0.14 0.13 0.14 0.14 0.14 0.07
P-Value βit = 0 0.00 0.00 0.00 0.00 0.00 0.03
Bond FE Yes Yes No No Yes Yes
Rating Dummies Yes Yes Yes Yes Yes Yes

Regressions of different dealer price pairs on changes in order flow characteristics from July 2002 to June 2014. Speci-

fication (1) holds results for the fixed-effects regression setup (as specified in equation (2.9)). Specification (2) excludes

observations with imputed CDS spreads. Specification (3) gives WLS instead of FE estimates. For (4) t-statistics are

computed using block-bootstrapped standard errors. In (5) first and second stage coefficients and t-statistics are estimated

simultaneously using GMM with HAC Newey-West standard errors. Specification (6) uses only matched TRACE trades.

1st stage estimates are from an AR(1) on signed trade size. In the 2nd stage, the dependent variable is given by price

changes (on a $100-par-basis). The independent variables are specified in equation (2.9): The trade indicator differences

take integer values -2, 0, or 2. The differences in dealer marker shares are given in %. Order flow innovations and the

differences in signed trade size are given in $ millions. The 90-day realized systematic and idiosyncratic bond volatilities

are given in %. The TED spread as well as CDS spreads are given in % (i.e., 100 bps are 1%). Coefficients above the $5

million trade size kink are denoted with +5. Unless otherwise stated Driscoll-Kraay t-statistics are reported in brackets.

The F-test tests βit = 0.
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Table 2.3: Half-Spread Components (different dealer trades)

Trade Size $0.5 Million $2 Million Average ($3.4 m) $5 Million $7.5 Million

$100-par (%) $100-par (%) $100-par (%) $100-par (%) $100-par (%)

Effective Half-Spread 0.2425 100.0 0.1921 100.0 0.1440 100.0 0.0912 100.0 0.1094 100.0
Order-Processing Cost 0.2224 91.7 0.1117 58.1 0.0060 4.2 -0.1097 -120.3 -0.0849 -77.6
Adverse Selection Cost 0.0018 0.7 0.0073 3.8 0.0126 8.8 0.0183 20.1 0.0203 18.6
Inventory Cost 0.0183 7.5 0.0731 38.1 0.1254 87.1 0.1826 200.2 0.1740 159.0
- Bond Credit Risks 0.0075 3.1 0.0299 15.6 0.0513 35.6 0.0747 81.9 0.0762 69.7
- Systematic Price Risk -0.0004 -0.2 -0.0016 -0.8 -0.0028 -1.9 -0.0041 -4.5 -0.0053 -4.8
- Idiosyncratic Price Risk 0.0053 2.2 0.0212 11.0 0.0364 25.3 0.0530 58.1 0.0492 45.0
- Systematic Inventory Costs 0.0012 0.5 0.0047 2.4 0.0080 5.6 0.0116 12.7 0.0108 9.9
- Dealer-Specific Inventory Costs 0.0047 1.9 0.0189 9.8 0.0325 22.6 0.0474 52.0 0.0431 39.4

Dealer CDS Spread 25th Percentile 50th Percentile Average 75th Percentile 95th Percentile

$100-par (%) $100-par (%) $100-par (%) $100-par (%) $100-par (%)

Effective Half-Spread 0.1203 100.0 0.1347 100.0 0.1440 100.0 0.1578 100.0 0.1248 100.0
Order-Processing Cost 0.0060 5.0 0.0060 4.5 0.0060 4.2 0.0060 3.8 -0.0849 -68.0
Adverse Selection Cost 0.0126 10.5 0.0126 9.3 0.0126 8.7 0.0126 8.0 0.0203 16.3
Inventory Cost 0.1016 84.5 0.1161 86.2 0.1254 87.1 0.1392 88.2 0.1894 151.8
- Bond Credit Risks 0.0513 42.6 0.0513 38.1 0.0513 35.6 0.0513 32.5 0.0513 41.1
- Systematic Price Risk -0.0028 -2.3 -0.0028 -2.1 -0.0028 -1.9 -0.0028 -1.8 -0.0028 -2.2
- Idiosyncratic Price Risk 0.0364 30.2 0.0364 27.0 0.0364 25.3 0.0364 23.0 0.0364 29.1
- Systematic Inventory Costs 0.0080 6.6 0.0080 5.9 0.0080 5.5 0.0080 5.1 0.0080 6.4
- Dealer-Specific Inventory Costs 0.0088 7.3 0.0232 17.2 0.0325 22.6 0.0464 29.4 0.0965 77.4

Idiosyncratic Volatility 25th Percentile 50th Percentile Average 75th Percentile 95th Percentile

$100-par (%) $100-par (%) $100-par (%) $100-par (%) $100-par (%)

Effective Half-Spread 0.1214 100.0 0.1310 100.0 0.1440 100.0 0.1491 100.0 0.1306 100.0
Order-Processing Cost 0.0060 5.0 0.0060 4.6 0.0060 4.2 0.0060 4.1 -0.0849 -65.0
Adverse Selection Cost 0.0126 10.4 0.0126 9.6 0.0126 8.7 0.0126 8.4 0.0203 15.6
Inventory Cost 0.1027 84.6 0.1123 85.8 0.1254 87.1 0.1304 87.5 0.1952 149.5
- Bond Credit Risks 0.0513 42.3 0.0513 39.2 0.0513 35.6 0.0513 34.4 0.0513 39.3
- Systematic Price Risk -0.0028 -2.3 -0.0028 -2.1 -0.0028 -1.9 -0.0028 -1.9 -0.0028 -2.1
- Idiosyncratic Price Risk 0.0137 11.3 0.0233 17.8 0.0364 25.3 0.0415 27.8 0.1062 81.3
- Systematic Inventory Costs 0.0080 6.6 0.0080 6.1 0.0080 5.5 0.0080 5.4 0.0080 6.1
- Dealer-Specific Inventory Costs 0.0325 26.8 0.0325 24.8 0.0325 22.6 0.0325 21.8 0.0325 24.9

This table lists the effective half-spreads for different levels of trade size, dealer CDS spreads, and idiosyncratic bond volatility. Calculations are based on the average order flow characteristics

of the sample of different dealer trade pairs. Spread component estimates can be found in Table 2.2. I assume that an insurer’s average buy-order (i.e., qtk,n where dtk,n = 1) is preceded by a

sell-order (i.e., qtk−1,n where dtk−1,n = −1 where I leave the size of qtk−1,n undetermined). Then, the order flow innovation is then given by ηtk,n = qtk,n−φE[qtk−1,n|qtk,n] = qtk,n(1−φ2),

which contains the estimated first-order serial correlation coefficient, φ. Trade size is in $ million. The average market share, MSt, enters the half-spread in %. The average bond credit

rating is at 7 (i.e., A3). The average realized systematic (idiosyncratic) bond volatility, SYS_RVt,n (IDIO_RVt,n), enters the spread in %. Both the average TEDt and the average CDSt

spread enters the half-spread in % (i.e., 100 bps are 1%).
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Table 2.4: Regression Estimates (same dealer trade pairs)

(1) (2) (3) (4) (5) (6)

FE FE FE OLS FE FE
Baseline (no λ fix) (Clustered) (Bootstrap) (Eq. 2.9) (Nested model)

1st Stage
φ -0.4030 -0.4030 -0.4030 -0.4030 -0.4030 -0.4030

(-38.64) (-38.64) (-38.64) (-38.64) (-38.64) (-38.64)
φ5+ -0.3665 -0.3665 -0.3665 -0.3665 -0.3665 -0.3665

(-37.40) (-37.40) (-37.40) (-37.40) (-37.40) (-37.40)

Observations 7,709 7,709 7,709 7,709 7,709 7,709

2nd Stage
γ0 0.1020 0.1020 0.1020 0.1200 0.1060 0.1050

(6.74) (6.74) (6.78) (11.13) (6.95) (6.69)
γ1 0.0029 0.0028 0.0029 0.0016 0.0020 0.0024

(1.84) (1.77) (1.83) (1.35) (1.27) (1.45)
γ2 0.0093 0.0083 0.0093 0.0063 -0.0034 0.0055

(2.09) (1.52) (2.14) (1.68) (-0.76) (0.86)
γ5+

2 -0.0031 -0.0018 -0.0031 -0.0007 0.0038 -0.0087
(-1.19) (-0.54) (-1.24) (-0.29) (1.56) (-1.87)

λ1 0.0037 0.0007 0.0037 0.0028 0.0028 0.0034
(1.15) (0.06) (1.12) (0.95) (1.13) (1.06)

λ5+
1 -0.0027 0.0027 -0.0027 -0.0007 -0.0020 -0.0027

(-1.35) (0.23) (-1.34) (-0.33) (-1.14) (-1.33)
β0 -0.0315 -0.0271 -0.0315 -0.0343 -0.0342

(-1.80) (-1.22) (-1.86) (-2.09) (-1.69)
β5+

0 0.0175 0.0101 0.0175 0.0117 0.0287
(1.23) (0.48) (1.18) (0.85) (2.09)

β1 -0.0154 -0.0152 -0.0154 -0.0063 -0.0043 -0.0414 0.0167
(-2.21) (-2.18) (-2.35) (-1.12) (-1.14) (-3.37) (2.32)

β5+
1 0.0098 0.0094 0.0098 0.0001 0.0059 0.0189 -0.0049

(2.04) (1.96) (1.94) (0.03) (1.95) (2.48) (-0.97)
β2 0.0189 0.0189 0.0189 0.0154 0.0110 0.0177 0.0021

(4.34) (4.32) (4.50) (3.81) (4.67) (2.78) (0.61)
β5+

2 -0.0079 -0.0078 -0.0079 -0.0033 -0.0058 -0.0137 0.0028
(-2.76) (-2.74) (-2.91) (-2.37) (-3.11) (-2.43) (0.73)

β3 0.0066 0.0064 0.0066 0.0054 0.0033 0.0234 -0.0130
(0.81) (0.78) (0.86) (0.82) (0.64) (1.54) (-1.31)

β5+
3 -0.0050 -0.0051 -0.0050 -0.0073 -0.0040 -0.0173 0.0054

(-0.78) (-0.80) (-0.80) (-1.23) (-0.71) (-1.38) (0.67)
β4 0.0188 0.0187 0.0188 0.0147 0.0087 0.0204 -0.0018

(4.34) (4.28) (4.74) (3.33) (1.67) (3.71) (-0.29)
β5+

4 -0.0109 -0.0108 -0.0109 -0.0031 -0.0319 -0.0041 -0.0295
(-1.05) (-1.02) (-0.98) (-0.74) (-1.64) (-0.59) (-1.47)

Observations 7,106 7,116 7,106 7,106 7,272 7,106
Bonds 3,767 3,772 3,767 3,767 3,857 3,767
R2 0.16 0.16 0.16 0.19 0.16 0.17
P-value of F-Test
(βit = 0) 0.00 0.00 0.00 0.00 0.00 0.00

Bond FE Yes Yes Yes Yes Yes Yes
Rating Dummies Yes Yes Yes Yes Yes Yes

Regressions of same dealer price pairs from July 2002 to June 2014. Specification (1) holds fixed-effects regression esti-

mates (see equation (2.10)). In (2) intermediate order flow innovations are ignored (see Subsection 2.2.2). Specification (3)

allows for clustered standard errors (dealer × trade week) and (4) uses block-bootstrapped standard errors. Specification

(5) are based on regression equation (2.9) instead of (2.10), and (6) nests the inventory subcomponents of equation (2.9)

into equation (2.10). 1st stage estimates are from an AR(1) on signed trade size. In the 2nd stage, the dependent variable

is given by price changes (on a $100-par-basis). The independent variables are specified in equation (2.10): The trade

indicator differences take integer values -2, 0, or 2. The differences in dealer marker shares are given in %. Order flow

innovations and the differences in signed trade size are given in $ millions. The 90-day realized systematic and idiosyncratic

bond volatilities are given in %. The TED spread as well as CDS spreads are given in % (i.e., 100 bps are 1%). Coefficients

above the $5 million trade size kink are denoted with +5. Unless otherwise stated Driscoll-Kraay t-statistics are reported

in brackets. The F-test tests βit = 0.
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Table 2.5: Half-Spread Components (same dealer trade pairs)

Trade Size $0.5 Million $2 Million Average ($3.4 m) $5 Million $7.5 Million

$100-par (%) $100-par (%) $100-par (%) $100-par (%) $100-par (%)

Effective Half-Spread 0.1121 100.0 0.1314 100.0 0.1553 100.0 0.1699 100.0 0.1778 100.0
Order-Processing Cost 0.1104 98.4 0.1244 94.7 0.1418 91.3 0.1523 89.7 0.1445 81.3
Adverse Selection Cost 0.0015 1.4 0.0062 4.7 0.0119 7.7 0.0155 9.1 0.0095 5.4
Inventory Cost 0.0002 0.2 0.0008 0.6 0.0016 1.0 0.0021 1.2 0.0237 13.3
- Intercept -0.0158 -14.0 -0.0630 -48.0 -0.1218 -78.4 -0.1575 -92.7 -0.1138 -64.0
- Bond Credit Risks -0.0021 -1.9 -0.0084 -6.4 -0.0163 -10.5 -0.0210 -12.4 -0.0109 -6.1
- Systematic Price Risk -0.0036 -3.3 -0.0146 -11.1 -0.0282 -18.1 -0.0364 -21.5 -0.0120 -6.8
- Idiosyncratic Price Risk 0.0119 10.6 0.0475 36.1 0.0918 59.1 0.1187 69.9 0.0990 55.7
- Systematic Inventory Costs 0.0014 1.2 0.0055 4.2 0.0107 6.9 0.0138 8.1 0.0014 0.8
- Dealer-Specific Inventory Costs 0.0085 7.5 0.0338 25.7 0.0653 42.1 0.0845 49.8 0.0600 33.8

CDS Spread 25th Percentile 50th Percentile Average 75th Percentile 95th Percentile

$100-par (%) $100-par (%) $100-par (%) $100-par (%) $100-par (%)

Effective Half-Spread 0.1081 100.0 0.1279 100.0 0.1553 100.0 0.1824 100.0 0.3028 100.0
Order-Processing Cost 0.1418 131.1 0.1418 110.8 0.1418 91.3 0.1418 77.7 0.1418 46.8
Adverse Selection Cost 0.0119 11.0 0.0119 9.3 0.0119 7.7 0.0119 6.5 0.0119 3.9
Inventory Cost -0.0456 -42.1 -0.0258 -20.1 0.0016 1.0 0.0287 15.7 0.1491 49.2
- Intercept -0.1218 -112.6 -0.1218 -95.2 -0.1218 -78.4 -0.1218 -66.7 -0.1218 -40.2
- Bond Credit Risks -0.0163 -15.0 -0.0163 -12.7 -0.0163 -10.5 -0.0163 -8.9 -0.0163 -5.4
- Systematic Price Risk -0.0282 -26.1 -0.0282 -22.0 -0.0282 -18.1 -0.0282 -15.4 -0.0282 -9.3
- Idiosyncratic Price Risk 0.0918 84.9 0.0918 71.7 0.0918 59.1 0.0918 50.3 0.0918 30.3
- Systematic Inventory Costs 0.0107 9.9 0.0107 8.4 0.0107 6.9 0.0107 5.9 0.0107 3.5
- Dealer-Specific Inventory Costs 0.0182 16.8 0.0380 29.7 0.0653 42.1 0.0925 50.7 0.2129 70.3

Realized Volatility 25th Percentile 50th Percentile Average 75th Percentile 95th Percentile

$100-par (%) $100-par (%) $100-par (%) $100-par (%) $100-par (%)

Effective Half-Spread 0.0946 100.0 0.1205 100.0 0.1553 100.0 0.1754 100.0 0.3331 100.0
Order-Processing Cost 0.1394 147.3 0.1404 116.6 0.1418 91.3 0.1425 81.3 0.1486 44.6
Adverse Selection Cost 0.0119 12.6 0.0119 9.9 0.0119 7.7 0.0119 6.8 0.0119 3.6
Inventory Cost -0.0567 -59.9 -0.0319 -26.5 0.0016 1.0 0.0209 11.9 0.1725 51.8
- Intercept -0.1218 -128.6 -0.1218 -101.1 -0.1218 -78.4 -0.1218 -69.4 -0.1218 -36.6
- Bond Credit Risks -0.0163 -17.2 -0.0163 -13.5 -0.0163 -10.5 -0.0163 -9.3 -0.0163 -4.9
- Systematic Price Risk -0.0282 -29.8 -0.0282 -23.4 -0.0282 -18.1 -0.0282 -16.1 -0.0282 -8.5
- Idiosyncratic Price Risk 0.0335 35.3 0.0583 48.4 0.0918 59.1 0.1111 63.3 0.2627 78.9
- Systematic Inventory Costs 0.0107 11.3 0.0107 8.9 0.0107 6.9 0.0107 6.1 0.0107 3.2
- Dealer-Specific Inventory Costs 0.0653 69.0 0.0653 54.2 0.0653 42.1 0.0653 37.2 0.0653 19.6

This table lists the effective half-spreads for different levels of trade size, dealer CDS spreads, and idiosyncratic bond volatility. Calculations are based on the average order flow characteristics

of the sample of same dealer trade pairs. Spread component estimates can be found in Table 2.4. I assume that an insurer’s average buy-order (i.e., qtk,n where dtk,n = 1) is preceded by a

sell-order (i.e., qtk−1,n where dtk−1,n = −1 where I leave the size of qtk−1,n undetermined). Then, the order flow innovation is then given by ηtk,n = qtk,n−φE[qtk−1,n|qtk,n] = qtk,n(1−φ2),

which contains the estimated first-order serial correlation coefficient, φ. Trade size is in $ million. The average market share, MSt, enters the half-spread in %. The average bond credit

rating is at 7 (i.e., A3). The average realized systematic (idiosyncratic) bond volatility, SYS_RVt,n (IDIO_RVt,n), enters the spread in %. Both the average TEDt and the average CDSt

spread enters the half-spread in % (i.e., 100 bps are 1%).
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Table 2.6: Rating Dummy Estimates

FE (Different Dealers) FE (Same Dealer)

(1) (2) (3) (4)
Full Sample Pre-Stress Stress Full Sample

2nd Stage

β0,2 (Aa1) 0.0063 0.0151 0.0181 -0.0173
(1.27) (1.70) (0.73) (-0.39)

β0,3 (Aa2) 0.0092 0.0051 0.0187 -0.0242
(3.08) (1.28) (1.37) (-1.35)

β0,4 (Aa3) 0.0074 0.0038 0.0335 -0.0284
(2.45) (1.02) (2.59) (-1.61)

β0,5 (A1) 0.0084 0.0081 0.0113 -0.0016
(3.29) (2.34) (1.02) (-0.10)

β0,6 (A2) 0.0112 0.0089 0.0156 -0.0066
(4.40) (2.60) (1.38) (-0.40)

β0,7 (A3) 0.0149 0.0129 0.0304 -0.0041
(5.76) (3.70) (2.63) (-0.24)

β0,8 (Baa1) 0.0218 0.0205 0.0222 0.0066
(8.00) (5.47) (1.95) (0.40)

β0,9 (Baa2) 0.0184 0.0165 0.0239 0.0003
(7.02) (4.52) (2.26) (0.02)

β0,10 (Baa3) 0.0180 0.0160 0.0186 -0.0031
(6.63) (4.31) (1.28) (-0.17)

β5+
0,2 (Aa1) -0.0021 -0.0082 0.0058 0.0672

(-0.81) (-1.57) (0.44) (1.32)
β5+

0,3 (Aa2) 0.0003 -0.0017 0.0033 0.0097
(0.17) (-0.66) (0.31) (0.87)

β5+
0,4 (Aa3) -0.0009 -0.0023 -0.0130 0.0201

(-0.50) (-0.87) (-1.29) (1.66)
β5+

0,5 (A1) 0.0017 -0.0016 0.0108 0.0073
(1.13) (-0.72) (1.43) (0.48)

β5+
0,6 (A2) -0.0001 -0.0029 -0.0034 0.0092

(-0.05) (-1.24) (-0.42) (0.67)
β5+

0,7 (A3) 0.0006 -0.0061 -0.0061 0.0051
(0.33) (-2.30) (-0.78) (0.41)

β5+
0,8 (Baa1) -0.0031 -0.0062 -0.0029 0.0046

(-1.61) (-2.07) (-0.37) (0.36)
β5+

0,9 (Baa2) -0.0016 -0.0048 -0.0068 0.0047
(-0.85) (-1.67) (-0.90) (0.38)

β5+
0,10 (Baa3) -0.0027 -0.0060 -0.0048 -0.0102

(-1.62) (-2.38) (-0.40) (-0.83)

Observations 250,331 119,877 5,825 7,116
Bonds 9,725 6,317 1,719 3,772

This table reports the fixed-effects regression estimates for the bond rating dummies that are otherwise suppressed in

the main tables. Rating dummies estimates are captured in β0,r for the variable CRrt,n referring to a bond’s credit rating

that is equal to 1 in case bond n holds rating r for r = 2, ..., 10 and zero otherwise (where Moody’s investment-grade

ratings range from 1=Aaa to 10=Baa3). Specification (1) presents the rating estimates for the baseline specification (1)

as given in Table 2.2. Specification (2) holds the rating estimates for the pre-stress specification (1) given in Table 2.7

while specification (3) holds those for the stress specification (2) of Table 2.7. Specification (4) gives the rating estimates

for the same dealer trade pair specification (1) of Table 2.4. Coefficients above the $5 million trade size kink are denoted

with +5. Driscoll-Kraay t-statistics are reported in brackets.
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Table 2.7: Dealer Financing Stress Regressions (different dealer trades)

All Bonds HiVol Bonds LoVol Bonds

(1) (2) (3) (4) (5) (6)
Pre-Stress Stress Pre-Stress Stress Pre-Stress Stress

1st Stage
φ -0.1020 -0.1980 -0.1540 -0.2650 -0.0408 -0.1390

(-36.63) (-15.68) (-37.47) (-14.31) (-10.65) (-7.88)
φ5+ -0.1370 -0.2550 -0.1980 -0.3030 -0.0827 -0.2190

(-49.73) (-20.52) (-49.09) (-16.90) (-21.88) (-12.61)

Observations 124,648 6,098 57,030 2,755 66,055 3,205

2nd Stage
γ0 0.2160 0.2690 0.2850 0.3590 0.1720 0.2170

(68.75) (23.75) (46.67) (13.88) (54.96) (20.41)
γ1 -0.0035 0.0015 -0.0018 0.0064 -0.0054 -0.0030

(-6.99) (0.80) (-2.02) (1.48) (-10.34) (-1.84)
γ2 -0.0662 -0.1090 -0.0728 -0.1350 -0.0607 -0.0925

(-15.19) (-8.01) (-8.14) (-5.42) (-9.95) (-6.04)
γ5+

2 0.0124 0.0254 0.0044 0.0603 0.0157 0.0164
(4.06) (2.67) (0.66) (2.94) (4.34) (1.34)

λ1 0.0013 0.0053 0.0021 0.0100 0.0004 0.0056
(1.17) (1.21) (1.17) (1.16) (0.37) (1.15)

λ5+
1 0.0014 -0.0013 0.0016 -0.0009 0.0013 -0.0053

(1.39) (-0.36) (0.86) (-0.13) (1.41) (-1.36)
β1 0.0049 0.0352 0.0037 0.0460 0.0069 -0.0023

(1.18) (1.49) (0.88) (1.58) (0.50) (-0.08)
β5+

1 -0.0048 -0.0256 -0.0033 -0.0405 -0.0060 0.0150
(-1.69) (-1.25) (-0.91) (-1.51) (-0.97) (0.38)

β2 0.0129 0.0185 0.0097 0.0203 0.0208 0.0782
(7.81) (4.42) (5.07) (3.81) (2.68) (4.00)

β5+
2 0.0026 -0.0002 0.0043 -0.0085 -0.0015 -0.0328

(0.84) (-0.05) (1.13) (-1.84) (-0.34) (-2.22)
β3 0.0016 0.0083 -0.0135 0.0105 0.0180 0.0038

(0.36) (1.62) (-1.91) (1.21) (2.64) (0.55)
β5+

3 -0.0013 -0.0068 0.0084 -0.0157 -0.0109 -0.0008
(-0.39) (-1.51) (1.45) (-1.83) (-2.63) (-0.17)

β4 0.0443 0.0256 0.0494 0.0445 0.0422 0.0068
(8.50) (2.72) (5.54) (2.47) (7.01) (0.71)

β5+
4 -0.0184 0.0001 -0.0209 -0.0150 -0.0165 0.0118

(-3.72) (0.02) (-2.26) (-1.12) (-2.96) (1.47)

Observations 119,877 5,825 55,545 2,681 64,332 3,144
Bonds 6,317 1,719 5,352 1,169 3,455 762
R2 0.10 0.21 0.11 0.23 0.10 0.23
P-value of F-Test (βit = 0) 0.000 0.000 0.000 0.000 0.000 0.001
Bond FE Yes Yes Yes Yes Yes Yes
Rating Dummies Yes Yes Yes Yes Yes Yes

Regressions of different dealer price pairs on changes in order flow characteristics before and during a period of funding

stress. Pre-Stress estimates are from July 01, 2002 to August 06, 2007, while Stress estimates are from from August 07,

2007 to March 16, 2008. As specified in Section 2.5, the columns captioned All Bonds use all investment-grade bonds;

the columns captioned HiVol Bonds use high-volatility investment-grade bonds; columns labelled LoVol Bonds hold

results for low-volatility investment-grade bonds. 1st stage estimates are from an AR(1) on signed trade size. In the 2nd

stage, the dependent variable is given by price changes (on a $100-par-basis). The independent variables are specified in

equation (2.9): The trade indicator differences take integer values -2, 0, or 2. The differences in dealer marker shares are

given in %. Order flow innovations and the differences in signed trade size are given in $ millions. The 90-day realized

systematic and idiosyncratic bond volatilities are given in %. The TED spread as well as CDS spreads are given in %

(i.e., 100 bps are 1%). Coefficients above the $5 million trade size kink are denoted with +5. Unless otherwise stated

Driscoll-Kraay t-statistics are reported in brackets. The F-test tests βit = 0.

56



Tables

Table 2.8: Dealer Financing Stress Half-Spread Components (different dealer trades)

All Bonds LiqDifferential Pre-Stress LiqDifferential Stress

Pre-Stress Stress Difference HiVol LoVol ∆ HiVol LoVol ∆

$100-par (%) $100-par (%) $100-par 100-par $100-par 100-par $100-par $100-par 100-par

Effective Half-Spread 0.0829 100.0 0.1815 100.0 0.0986 0.1465 0.0419 0.1046 0.2542 0.0848 0.1693
Order-Processing Cost -0.0527 -63.6 -0.1323 -72.9 -0.0796 -0.0203 -0.0701 0.0497 -0.1118 -0.1487 0.0369
Adverse Selection Cost 0.0047 5.7 0.0191 10.5 0.0144 0.0084 0.0015 0.0069 0.0349 0.0206 0.0142
Inventory Cost 0.1308 157.9 0.2947 162.4 0.1638 0.1585 0.1105 0.0480 0.3311 0.2129 0.1182
- Bond Credit Risks 0.0335 40.4 0.1143 63.0 0.0808 0.0592 0.0138 0.0454 0.0461 0.0749 -0.0288
- Systematic Price Risk 0.0057 6.8 0.0306 16.9 0.0249 0.0055 0.0060 -0.0005 0.0479 -0.0017 0.0496
- Idiosyncratic Price Risk 0.0399 48.2 0.0476 26.2 0.0077 0.0514 0.0267 0.0247 0.0807 0.1038 -0.0231
- Systematic Inventory Costs 0.0019 2.3 0.0447 24.7 0.0428 -0.0171 0.0196 -0.0367 0.0561 0.0206 0.0356
- Dealer-Specific Inventory Costs 0.0499 60.2 0.0575 31.7 0.0076 0.0595 0.0443 0.0151 0.1002 0.0153 0.0849

This table compares the effective half-spreads before (July 2002 to August 2007) and during funding stress (August 2007 to March 2008). The column captioned Difference holds the

difference in average effective half-spreads across all bonds before and during funding stress. The columns captioned LiqDifferential are defined as the effective half-spread difference

between the high- and the low-volatility investment-grade bonds within the same time period. Calculations are based on the average order flow characteristics of the sample of different

dealer trade pairs. Spread component estimates can be found in Table 2.7. I assume that an insurer’s average buy-order (i.e., qtk,n where dtk,n = 1) is preceded by a sell-order (i.e., qtk−1,n

where dtk−1,n = −1 where I leave the size of qtk−1,n undetermined). Then, the order flow innovation is then given by ηtk,n = qtk,n − φE[qtk−1,n|qtk,n] = qtk,n(1 − φ2), which contains

the estimated first-order serial correlation coefficient, φ. Trade size is in $ million. The average market share, MSt, enters the half-spread in %. The average bond credit rating is at 7 (i.e.,

A3). The average realized systematic (idiosyncratic) bond volatility, SYS_RVt,n (IDIO_RVt,n), enters the spread in %. Both the average TEDt and the average CDSt spread enters the

half-spread in % (i.e., 100 bps are 1%).
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Table 2.9: Federal Reserve Credit Facility Access (different dealer trades)

(1) (2) (3)
All Bonds HiVol Bonds LoVol Bonds

1st Stage
φ -0.2072 -0.2658 -0.1491

(-22.54) (-19.63) (-11.71)
φ5+ -0.2695 -0.3317 -0.2185

(-29.33) (-24.74) (-17.15)

Observations 11,292 5,090 5,963

2nd Stage [base] [f×p] [p] [f] [base] [f×p] [base] [f×p]
γ0 0.3710 0.4770 0.2910

(26.64) (17.03) (25.16)
γ1 -0.0135 -0.0132 -0.0132

(-5.03) (-2.63) (-4.72)
γ2 -0.0976 -0.1220 -0.0786

(-7.98) (-5.58) (-6.05)
γ5+

2 0.0222 0.0220 0.0367
(2.55) (1.45) (3.60)

λ1 0.0108 0.0123 0.0104
(2.56) (1.84) (2.15)

λ5+
1 0.0013 0.0102 -0.0067

(0.40) (2.01) (-1.83)
β1 0.0033 0.0110 -0.0619

(0.20) (0.63) (-2.81)
β5+

1 -0.0011 -0.0052 0.0090
(-0.10) (-0.45) (0.68)

β2 0.0138 0.0081 0.0638
(3.37) (1.93) (4.30)

β5+
2 0.0009 -0.0003 -0.0333

(0.27) (-0.07) (-2.52)
β3 -0.0015 0.0003 -0.0024

(-0.31) (0.04) (-0.48)
β5+

3 0.0005 -0.0009 -0.0008
(0.14) (-0.16) (-0.19)

β4 0.0110 0.0153 0.0078
(1.37) (1.27) (0.71)

β5+
4 -0.0053 0.0045 -0.0096

(-0.82) (0.43) (-1.13)
β5 0.0019 -0.0087 0.0013 0.0100 -0.0001 -0.0140 0.0038 -0.0017

(0.86) (-2.25) (0.42) (3.51) (-0.03) (-2.34) (1.52) (-0.37)
β5+

5 0.0004 -0.0007 0.0027 -0.0024 -0.0004 -0.0009 0.0008 -0.0013
(0.26) (-0.23) (0.99) (-1.28) (-0.11) (-0.17) (0.52) (-0.35)

Observations 10,743 4,909 5,834
Bonds 2,349 1,696 1,065
R2 0.23 0.24 0.24
P-value of F-Test 0.000 0.009 0.006
Bond FE No No No
Rating Dummies Yes Yes Yes

Regressions of different dealer price pairs on interacted spread components (i.e., δiFED and δt,POST ; see Subsection

2.5.2). The estimation period is July 17, 2007 to March 17, 2008. Specification (1) uses all investment-grade bonds; (2)

uses high-volatility investment-grade bonds; (3) uses low-volatility investment-grade bonds. Columns labelled [base] hold

the base estimates, those labelled [f×p] hold the interactions with δiFEDδt,POST (i.e., the DiD estimates), [p] holds the

interactions with δt,POST , and [f] holds the interactions with δiFED. 1st stage estimates are from an AR(1) on signed

trade size. In the 2nd stage, the dependent variable is given by price changes (on a $100-par-basis). The independent

variables are specified in equation (2.9): The trade indicator differences take integer values -2, 0, or 2. The differences

in dealer marker shares are given in %. Order flow innovations and the differences in signed trade size are given in $

millions. The 90-day realized systematic and idiosyncratic bond volatilities are given in %. The TED spread as well as

CDS spreads are given in % (i.e., 100 bps are 1%). Coefficients above the $5 million trade size kink are denoted with +5.

Unless otherwise stated Driscoll-Kraay t-statistics are reported in brackets. The F-test tests β4 = β5 = βfp5 = βp5 = βf5 = 0

for trades smaller $5 million.
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Table 2.10: Federal Reserve Credit Facility Access Half-Spread Components (different dealer trades)

All Bonds HiVol Bonds LoVol Bonds

Treated Control Difference Treated Control Difference Treated Control Difference

$100-par (%) $100-par (%) $100-par 100-par $100-par 100-par $100-par $100-par 100-par

Effective Half-Spread 0.1441 100.0 0.2171 100.0 -0.0729 0.1725 0.3476 -0.1751 0.0976 0.0741 0.0235
Order-Processing Cost -0.0505 -35.0 -0.0331 -15.2 -0.0174 -0.0548 0.0045 -0.0593 -0.0472 -0.0539 0.0067
Adverse Selection Cost 0.0358 24.8 0.0369 17.0 -0.0011 0.0422 0.0392 0.0030 0.0332 0.0375 -0.0043
Inventory Cost 0.1588 110.2 0.2132 98.2 -0.0544 0.1851 0.3039 -0.1187 0.1117 0.0905 0.0212
- Bond Credit Risks 0.0572 39.7 0.0589 27.1 -0.0017 0.0783 0.0727 0.0056 0.0080 0.0090 -0.0010
- Systematic Price Risk 0.0031 2.1 0.0030 1.4 0.0000 0.0129 0.0114 0.0015 -0.0463 -0.0507 0.0044
- Idiosyncratic Price Risk 0.0398 27.6 0.0404 18.6 -0.0005 0.0386 0.0356 0.0030 0.0893 0.0985 -0.0093
- Systematic Inventory Costs -0.0068 -4.7 -0.0072 -3.3 0.0004 0.0014 0.0013 0.0001 -0.0105 -0.0123 0.0018
- Dealer-Specific Inventory Costs 0.0273 18.9 0.0506 23.3 -0.0233 0.0407 0.0690 -0.0283 0.0181 0.0365 -0.0183
- MSit × CDSit Interaction 0.0382 26.5 0.0675 31.1 -0.0293 0.0133 0.1139 -0.1006 0.0531 0.0094 0.0437

This table compares the effective half-spreads for dealers with and without access to the Federal Reserve credit facilities. The estimation period is July 17, 2007 to March 17, 2008.

Calculations are based on the average order flow characteristics of the respective bond sample within each group (i.e., the average bond trade for the treated as well as the control).

The column HiVol Bonds (LoVol Bonds) holds the average effective half-spread for high-volatility (low-volatility) investment-grade bonds. The columns labeled Difference give

the effective half-spread differences between the treated minus the control. Spread component estimates can be found in Table 2.9. I assume that an insurer’s average buy-order (i.e.,

qtk,n where dtk,n = 1) is preceded by a sell-order (i.e., qtk−1,n where dtk−1,n = −1 where I leave the size of qtk−1,n undetermined). Then, the order flow innovation is then given by

ηtk,n = qtk,n − φE[qtk−1,n|qtk,n] = qtk,n(1− φ2), which contains the estimated first-order serial correlation coefficient, φ. Trade size is in $ million. The average market share, MSt, enters

the half-spread in %. The average bond credit rating is at 6 at the time (i.e., A2) whereas high-volatility (low-volatility) bonds hold an average rating of 7 (5). The average realized systematic

(idiosyncratic) bond volatility, SYS_RVt,n (IDIO_RVt,n), enters the spread in %. Both the average TEDt and the average CDSt spread enters the half-spread in % (i.e., 100 bps are 1%).
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Chapter 3

Downgrades, Dealer Funding

Constraints, and Bond Price

Pressure

Abstract

Regulatory constraints imposed on insurance companies can induce a collective

need to divest downgraded bond issues. Upon a downgrade, corporate bond deal-

ers act as middlemen and provide liquidity by absorbing temporary order-flow

imbalances. Limited access to inventory financing can temporarily limit dealers’ in-

ventory and risk-bearing capacities and, at least in the short run, impair liquidity

provision. Using insurance company transaction data, I investigate if dealer fund-

ing constraints (as proxied by their CDS spreads) amplify price declines and stall

subsequent reversals of downgraded bonds. I find that higher dealer CDS spreads

are associated with substantially larger and abrupt declines and slower reversals of

abnormal returns around a downgrade.
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3.1. Introduction

This paper investigates the impact of corporate bond dealers’ financial constraints on
bond price pressures in downgraded corporate bond issues held by insurance companies.
Insurers constitute an important group of investors in corporate bond markets holding
over a quarter of all outstanding corporate debt. At the same time, they operate under
regulations that either prohibit or impose large capital requirements on their holdings
of non-investment grade bonds.40 As documented by Ellul, Jotikasthira, and Lundblad
(2011), a rating downgrade from investment-grades to speculative grades (a rating of
BB+ or below) can induce insurance companies to immediately and collectively divest
at least part of their holdings in downgraded bond issues.

The forced selling of corporate bond issues temporarily generates substantial order
flow imbalances.41 Upon a downgrade, corporate bond dealers provide liquidity by tem-
porarily absorbing these order-flow imbalances before re-selling the positions to other
investors. Dealers’ ability take the role of middlemen is closely linked to the ease with
which they can establish and maintain inventory positions. Speculative bond inventories
hold substantial price risks, require higher risk-based capital charges, and are costly in
terms of financing. As a dealer’s cost of holding risky inventory increases, she can become
increasingly hesitant to take on additional inventory, and may quote smaller quantities at
less attractive prices. As such, regulatory induced selling pressures in downgraded bond
issues provides an appropriate environment in which to study the impact of dealers’
financial constraints during fire sales.

Despite dealers’ crucial role in corporate bond markets, we still know relatively little
about how their financial constraints impact the provision of liquidity during times of
intense selling pressures. Up to now, data limitations, in particular the lack of dealer
identities, have hampered efforts to link bond dealers’ financial constraints with their
liquidity provision. To empirically test whether dealers’ financial constraints affect the
price pressure around a downgrade, I construct a dataset of all the corporate bond
downgrades and insurance companies’ trade records from the National Association of
Insurance Commissioners (NAIC) from 2002 to 2014 while identifying the dealer behind

40Insurance companies are regulated at the state level where many states follow the guidelines of the
National Association of Insurance Commissioners (NAIC). Holdings in non-investment grade bonds
come with capital requirements of 4.6% and 10% for BB-rated and B-rated bonds, respectively. The
same requirement is only 1.3% for BBB-rated bonds and 0.4% for bonds rated A or above. Total
holdings in non-investment grade bonds cannot exceed 20% for the entire portfolio where Ellul et al.
(2011) find almost all insurance companies have less than 10% of their assets in non-investment grade
bonds.

41Regulations and self-imposed risk management practices may force the sale of bond issues and simul-
taneously prevent other buy-side investors facing similar regulatory constraints, such as pension and
mutual funds or other insurance companies, from stepping in as buyers.
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each individual bond transaction.
In this paper, I show empirically that dealers’ financial constraints (as proxied by

their CDS spreads) have a statistically and economically meaningful negative impact
on the bond price patterns surrounding a downgrade. By focusing on the role of deal-
ers in fire sales, the paper makes two contributions: First, I find a striking pattern of
large price drops and partial reversals around the downgrade, similar to the patterns
in related studies (e.g., Ellul et al. (2011), Han and Wang (2014), Spiegel and Starks
(2016)) Importantly, these return patterns are markedly different for bonds handled by
unconstrained versus bonds handled by constrained dealers. The latter experience sub-
stantially larger return deviations, as exhibited by more negative and abrupt declines
in abnormal returns, which appears to be consistent with the idea that dealers’ finan-
cial constraints limit their risk-bearing capacities. Second, in a bond-level cross-sectional
analysis I find that a one standard deviation increase in the ratio of a bond’s volume-
weighted average dealer CDS spread over the median dealer CDS spread at the time is
associated with a significant negative average (median) CAR of 3.55% (1.71%). I find the
negative impact on CARs to be stronger when measuring dealer constraints at the issuer
instead of the bond-level. Comparing the pre- with the post-event window, the empirical
evidence suggests that the negative impact of dealers’ inventory constraints on CARs is
stronger in the weeks following the downgrade. That is, as selling pressures peak and
dealer inventory limits become binding. Overall, the empirical evidence suggests that
higher inventory costs limit dealers’ risk-bearing capacities making them less willing to
establish growing inventory imbalances without substantial price markdowns. All these
findings are robust to controlling for various bond, market, and dealer characteristics as
well as when using median regressions.

The empirical approach in this paper follows an event study methodology, particularly
using matching portfolios as proposed by Bessembinder et al. (2009) and further adapted
by Ederington et al. (2015).42 Arguably, the latter can be understood as a simplified
special case of the approach recently proposed by Spiegel and Starks (2016). It is a
simplification to the extent that I do not explicitly estimate daily returns using a dummy
variable approach. And, it is a special case in the sense that bond returns contributing to
a portfolio on a particular trading day are generally equally-weighted. In comparison, I
am matching based on a bond’s rating and its time-to-maturity while Spiegel and Starks
(2016) group on a bond’s yield and its industry classification. Importantly, as in Spiegel
and Starks (2016), the approach yields an average univariate regression coefficient of one

42My results do not depend on the method for computing abnormal returns. I find very similar CAR
patterns (i.e., in terms of timing and magnitude) when using a modified regression-based approach
that is based on Ellul et al. (2011), as well as when using a simple market-return model as used in
Han and Wang (2014).
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when regressing bond returns on the matching portfolios.
Using cross-sectional regressions, I relate bonds’ cumulative abnormal returns (CAR)

around a downgrade to the volume-weighted average CDS spread of the five most-active
dealers per bond and issuer respectively. In doing so, I control for various bond, market,
and other dealer characteristics. Quantifying dealers’ financial constraints requires dealer
identities. The choice for dealers’ CDS spreads as proxies for their inventory constraints
is motivated by the following argument: In the process of liquidity provision dealers
establish inventory positions for which they strongly rely on short-term collateralized
loans (so-called “repos”).43 This dependence on short-term funding exposes dealers to
debt runs, rollover risk, and wider financial contagion. Since direct measures of dealers’
effective short-term funding costs are either difficult to come by or not available at all,44

I make use of their credit default swap (CDS) spreads, which exhibit variation across
dealers and represent a plausible indicator of credit risk based on which risk managers
and lenders evaluate financing terms, credit lines, and position limits. To the extent that
adverse changes in borrower credit risk increase monitoring concerns and prompt lenders
to demand higher interest or curtail lending (Calomiris and Kahn (1991); Rochet and
Tirole (1996)) dealer CDS spreads appear as a suitable proxy for dealer-specific changes
in funding costs.

My work draws on theoretical models of dealers’ market making behavior. Standard
market microstructure models with inventory frictions have (risk-averse) dealers absorb-
ing temporary imbalances in order flow to end up with (suboptimal) inventory positions.
Stoll (1978), Amihud and Mendelson (1980), and Ho and Stoll (1981, 1983) are the first
to formalize that increased inventory risks require a compensation in terms of larger
discounts and markups respectively to fundamental values. In more recent work that ac-
counts for the decentralized trading in over-the-counter markets, Duffie et al. (2005) show
that higher search costs and therefore limited outside options reduce investors’ bargain-
ing position and have them engage in transactions at larger discounts. Theoretical work
that combines market making behavior and financing constraints shows that the latter
can limit dealer liquidity provision to suboptimal levels (see, e.g., Gromb and Vayanos
(2002) and Gromb and Vayanos (2010)). Brunnermeier and Pedersen (2009) highlight
that funding limits amplify shocks to asset values and ultimately lead to adverse liquidity
spirals and reinforcing feedback loops. Within a search model, Weill (2007) shows that

43Repurchase agreements make up, on average, 60% of dealers’ liabilities between the years 2002 to 2014
(see Rosengren (2014)).

44Following the SEC’s money market fund reforms in 2010 monthly tri-party repo data is available only
after November 2010. Using this data, Hu et al. (2015) show that dealers’ CDS spreads are weakly
positively related to repo spreads.
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insufficient access to capital adversely affects dealers’ ability to supply liquidity.

Dealers’ willingness and ability to commit capital can be limited, which has been
documented empirically, e.g., in stock markets. Comerton-Forde et al. (2010) show that
specialists’ inventories and trading revenues have a significant impact on the width of
bid-ask spreads. Hendershott and Menkveld (2014) find that price pressures increase
with higher inventories reflecting dealers’ unwillingness or inability to provide additional
inventory capacity.

The empirical literature on fire sales provides several examples in which transaction
prices deviate from fundamental values (see, e.g., Coval and Stafford (2007) for open-
end mutual fund redemptions in equity markets; Mitchell et al. (2007) for hedge fund
redemptions in convertible bonds; Pathak et al. (2009) for foreclosures on real estate
prices). Two papers in particular focus on the bond trading of insurance companies:
Ambrose et al. (2008) use aggregate data to show that, in the absence of information
effects (i.e., no stock price reaction to the news of a downgrade), there is not much price
pressure among downgraded bonds. Price reversals only exist for bonds that contain
negative information effects. They argue that there is less downward price pressure if
dealers know that insurers are not informed traders. Using considerably more granular
data on the insurance company level from 2000 to 2005 and focusing on bonds without
information effects, Ellul et al. (2011) challenge the notation of Ambrose et al. (2008).
They find that insurers that are more constrained by regulation are more likely to im-
mediately sell downgraded bond issues, which can lead to temporary price pressures.
In particular, downgraded bonds held by constrained insurance companies experience
significantly larger selling pressure and subsequent price reversals. Spiegel and Starks
(2016) use TRACE data and propose a modified repeated sales methodology to study a
large sample of downgrades covering over 8,000 bonds between the years 2002 to 2015.
Upon a bond rating change between the investment and non-investment classification,
they document significant negative (or positive) abnormal returns followed by partial
recoveries that are consistent with microstructure models of limited dealer inventory
capacities.

None of the above-mentioned papers, however, takes the role of dealer into account
and explicitly considers the impact of their financial constraints on the fire sales. Thus,
what sets my paper apart is to examine periods of increased selling pressure among
insurance companies while focusing on the role of dealers and their ability and willingness
to temporarily assume bond positions.

There are two papers that tackle related issues: First, using a proprietary dataset
that contains all dealer identities, Han and Wang (2014) employ an event-study method-
ology and link dealer CDS spreads to transaction prices. They exclusively investigate
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the price and volume dynamics of defaulted corporate bonds. They document that de-
faults trigger more active trading, wider bid-ask spreads, and lower abnormal returns.
They show that higher dealer CDS spreads are associated with a zero-balance exposure
to defaulted bond issues, suggesting that more constrained dealers are less willing to
take positions in defaulted bonds. My paper also investigates this notion but differs in a
number of ways that adds a unique contribution: For one, and most importantly, I focus
on the rating downgrade from investment to non-investment grades (excluding outright
defaults), which represents the crucial rating event for regulated institutional investors,
such as insurance companies and mutual funds holding close to 65% of outstanding
corporate debt. I argue that the downgrade to speculative grades constitutes the actual
stress event driving portfolio decisions for the most substantial fraction of the market. By
the time an actual (expected) default occurs, institutional investors would have had to
sell their positions in distressed bonds leaving the ground for specialized investors (e.g.,
unregulated hedge funds) for whom a default event does not need to trigger a sell off.
For another, there are methodological differences between the papers. I am comparing
bond returns to the portfolio return of a basket of matched bonds rather than marking
to the market index (e.g., the Barclay’s U.S. high-yield and investment-grade corporate
bond indices). Within my sample, find the latter to over-/underestimate expected or
normal bond returns respectively. Moreover, given the high degree of concentration in
the market-making of a particular bond or issuer, I find that volume-weighting dealer
constraints, as compared to simple averages as in Han and Wang (2014) is important
and may explain differences in our results. Second, Bao, O’Hara, and Zhou (2016) have
similar data access and study dealer liquidity provision in individual bonds following the
downgrade to speculative grades. Specifically, they account for the regulatory changes
following the implementation of the Volcker Rule. Exploiting dealer identities, their mea-
sure of dealer constraints is a distinction into Volcker-affected and non-Volcker-affected
dealers. Within a difference-in-differences framework Bao et al. (2016) document reduced
liquidity provision by Volcker-affected dealers and an overall reduction in the liquidity
of downgraded bonds after the implementation of the Volcker Rule.45

The remainder of the paper is organized as follows: Section 3.2 outlines the sample
construction and provides a general description of the data. Section 3.3 introduces the
event study methodology and describes the use of matching portfolios. Section 3.4 starts
with a graphical inspection of the bond price patterns around a downgrade and continues

45In a related paper (that cannot exploit data on dealer identities), Anderson and Stulz (2017) argue
that in recent post-crises years liquidity around bond downgrades has not diminished in comparison
to the pre-crisis period.
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with the baseline results using cross-sectional regressions of cumulative abnormal returns
on bond, market, and dealer characteristics. Subsections 3.4.2.2 and 3.4.2.3 hold robust-
ness checks where I account for bonds’ recent trading frequencies and insurer constraints
respectively. Section 4.5 concludes.

3.2. Data

3.2.1. Sample Construction

The dataset primarily builds on four databases: First, the insurance companies’ trans-
action data from the National Association of Insurance Commissioners (NAIC). The
latter records the identity of the dealer engaged in each transaction. As reports are
manually coded, counterparty entries need extensive cleaning with respect to name vari-
ations and misspellings. Importantly, with dealer identification comes the ability to link
cross-sectional differences in dealer characteristics to abnormal returns surrounding a
downgrade.46 Second, all relevant bond-level characteristics (such as issue date, issuance
size, coupon rate, credit ratings, option features, etc.) are taken from Mergent’s Fixed
Income Securities Database (FISD). I work with credit ratings from Moody’s, Standard
& Poor’s (S&P), and Fitch to identify downgrades from the investment-grade to the
non-investment-grade classification. Third, as a proxy for dealers’ effective (short-term)
funding costs I use credit default swap (CDS) spreads, which I retrieve from Bloomberg
and Datastream/CMA respectively. Fourth, for the computation of normal returns I use
data from the Financial Industry Regulatory Authority’s (FINRA) Trade Reporting and
Compliance Engine (TRACE) to calculate value-weighted matching portfolios in style of
Bessembinder et al. (2009). The sample period stretches over 12 years and ranges from
July 1, 2002 to June 30, 2014.

The NAIC requires insurance companies to self-report security transactions in their
financial statements. Each entry contains detailed transaction information including the
CUSIP, the date and par value of the transaction, the (clean) price on a $100-par-basis,
and the buy/sell indicator.47 There are a number of steps required to process the raw
data: A first major step is to filter bonds using bond-level characteristics (such as issue
date, issuance size, coupon rate, credit ratings, option features, etc.) where I stick to the
literature (e.g., Asquith et al. (2013)). A second major round of filters apply to records

46Analyzing dealers’ participation in trading downgraded bonds is strictly limited to NAIC trades
though. All subsequent, potentially offsetting trades of the same dealers are not observed within
the NAIC data (and the TRACE data available to me is anonymous with respect to dealer identities).

47In my dataset the identification of counterparties is one-sided. That is, the names of the insurance
companies involved in the transactions, as available to Ellul et al. (2011) and O’Hara et al. (2016),
are not given.
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with potential data issues concerning their price (missing, negative, or unreasonably large
prices and sharp reversals), volume (trades <$1,000 or >50% of the issuance amount are
dropped), or timing (trades on a bond’s offering or maturity date, and trades on trading
holidays).

In the calculation of returns I take into account that the NAIC database exhibits a
systematic error from a disaggregation of trades due to the reporting process (as pointed
out by Asquith et al. (2013)), which leads to an over-reporting in the number of trades
and an under-reporting of the true price dispersion.48 To correct for the disaggregation
I group NAIC trades per bond CUSIP in case the trade execution date, counterparty,
and buy/sell indicator are identical, and the difference in prices is smaller or equal to
one cent (i.e., ≤ |0.01| on a $100-par-basis).49 Lastly, the NAIC transaction data do not
contain transaction time, which renders time ordering of trades impossible. Following
Bessembinder et al. (2006), in case of multiple trades per day I calculate returns based
on the NAIC trade of the previous trading day.50

To specify the downgrade event I use FISD’s rating history file, which details credit
ratings and rating changes for each bond at each point in time. I use the lower of
Moody’s, S&P’s, or Fitch’s rating and, following Ellul et al. (2011), define the rating
change event as the date of the downgrade announcement by the rating agency that
acts first.51 They argue that the de facto downgrade date of a bond should corresponds
to the first downgrade for several reasons: First, in case of multiple rating agencies per
bond one sees accordance in downgrades (i.e., 78.5% (64.1%) of bonds with multiple
rating agencies see accordance in ratings of two (three) agencies) and initial downgrades
by one agency are quickly followed by the others (i.e., 38.9% of downgraded bonds
with multiple agencies see a subsequent downgrade within a week52). Second, prior to
July 2005, Lehman Brothers’ corporate bond indices (now the Barclays corporate bond
indices) based their index constituency on the first downgrade of a rating agency.53 To

48Specifically, multiple NAIC transactions match a single TRACE trade using CUSIP, trade execution
date, price, and counterparty but taken separately show a discrepancy with the reported volume.

49Not grouping on insurer type accounts for the possibility that an insurance company may book and
report portions of the same trade under their respective divisions or subsidiaries.

50In case there are multiple NAIC trades on consecutive trading days I opt for the last “institutional”
TRACE trade (i.e., ≥$100,000) of the previous day to calculate returns. This difficulty only applies
to a small number of trades though.

51In comparison, the NAIC considers a bond to be in the non-investment grade classification if it no
longer holds any investment-grade rating (i.e., corresponding to the date of the last rating downgrade).
As in Ellul et al. (2011) I find the results to remain unchanged when defining the event as the last
downgrade.

52The median number of days between the first and the subsequent downgrade is 21 days.
53After the classification change securities are deemed to fall into the non-investment grade classification
if, in case of three rating agencies, the median rating justifies a downgrade, or, in case of two agencies,
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mutual bond funds, which according to the Federal Reserve’s Flow of Funds statement
increased their holdings from $0.5 trillion in 2002 (i.e., ca. 7% of outstanding corporate
bonds) to $2 trillion in 2014 (i.e., ca. 25% of outstanding corporate bonds), these Barclays
bond indices are important return benchmarks. The same holds for corporate bond
exchange traded funds (ETFs), which since their introduction in the year 2007 have seen
rapid growth to roughly $0.45 trillion in 2014. Given the rules for index constituency
both bond mutual funds and ETFs may start buying downgraded bonds from constrained
insurers even before all three agencies rate a bond non-investment grade. Third, for
an insurance company holding on to downgraded bonds for too long may come at a
reputational cost from regulators, rating agencies, and industry bodies (such as the
NAIC), who require stringent (self-imposed) risk management practices and screen for
investments in high-yield bonds as a source of potential credit losses.

With dealer identification comes the ability to link dealer characteristics to NAIC
transaction data. For this, I determine a dealer’s parent company and then gather CDS
and credit rating data using Bloomberg and Datastream/CMA respectively. Using CDS
spreads comes with three limitations: First, overall CDS coverage is not complete. While
CDS contracts are available for bigger institutions there are often no contracts for smaller
dealer boutiques or investment firms. Second, I do not have access to all data providers
(e.g., the Markit database). Third, some series only start after July 1, 2002, end before
June 30, 2014, have gaps, or show periods of stale prices (i.e., treated as missing if the
spread does not update for more than two weeks). To retain the widest possible cross-
sectional coverage with respect to dealer-specific inventory costs I fall back on long-term
issuer ratings obtained from Moody’s in case I do not have a dealer’s CDS spread. Then,
based on a dealer’s rating, I impute a CDS spread. Specifically, I compute the average
CDS spread on a given day for a given rating class (see Data Appendix) using the sample
of dealers with both a CDS spread and a credit rating. I then map the average CDS spread
per ratings class to the dealers for whom I lack a CDS spread. Out of the 74,108 NAIC
trades in the eligible downgrade sample I am able to pair 55,385 (56,899) trades with a
credit rating (CDS spread). Using imputed, rating-based average CDS spreads leaves me
with data for 64,846 trades instead (corresponding to close to 100% of matched TRACE
trades of the 10 most active dealers, and 98.46% (93.17%) of trades of the 25 (50) most
active firms).

The value-weighted matching portfolios used as normal returns in the computation of
abnormal returns are based on U.S. corporate bond trades reported to the Financial In-
dustry Regulatory Authority’s (FINRA) and disseminated through the Trade Reporting
and Compliance Engine (TRACE). I use Enhanced TRACE data, which includes both

the lower rating justifies a downgrade.
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disseminated and non-disseminated transaction records and captures full trade sizes,
starting from TRACE’s initiation in July 2002 (but only available with an 18-month
lag). To reduce the effects of infrequent, non-consecutive daily trading and to obtain
a sizable sample within each portfolio partition, I impose less restrictive requirements
with respect to bond characteristics than Bessembinder et al. (2009). Specifically, I in-
clude corporate bonds of financial institutions, and all coupon types (with the exception
of perpetual bonds) independent of their security level. In order not to suffer from a
cross-correlation problem I make sure that the TRACE data does not contain any of
the downgraded bonds under consideration in this study. Following the literature, I ap-
ply several data filters where the majority of filters involve eliminating erroneous trade
reports such as cancellations, modifications, reversals, or duplicates (see Dick-Nielsen
(2014); Asquith et al. (2013); Dick-Nielsen (2009)).

In calculating bond returns within the event window (i.e., the period from -20 weeks
before to +35 weeks after the downgrade) I require that bonds trade (i) at least once
between weeks -20 and -1, and (ii) at least once between weeks 0 and +35. In addi-
tion, bonds that trades less than ten times during the sample period (i.e., highly illiquid
bonds with potentially unreliable prices) are excluded from the analysis. These screens
are similar to those applied in Ellul et al. (2011) but do not require trades outside the
event window (as with matching portfolios I have no need for estimation windows).54

This leaves me with a final sample of 1,078 eligible downgrades in 968 distinct bonds
that are downgraded from investment to speculative grades during the sample period.
These bonds are issued by 423 issuers, accounting for 74,108 transactions with 375 dis-
tinct counterparties.

3.2.2. Bond Characteristics

Table 3.1 reports the annual number of downgrades from investment to non-investment
grades over the sample period. There are two peaks in terms of the number of downgrade
events: in the year 2005 when the two car manufacturers Ford and General Motors were
downgraded from investment to speculative grades; and in the years 2008 and 2009 when,
as a consequence of the subprime crisis, the credit ratings of many financial companies
were lowered substantially.55 Table 3.1 further illustrates that as of the year 2010 the
number of downgrades in the sample drops markedly. This decline is likely the result
of two developments: First, following more stringent post-crisis risk management frame-

54The relaxation of trade screens increases the sample from 59,313 trades in 706 distinct bonds to 74,108
trades in 968 bonds.

55In some cases, for instance Lehman Brothers, this ultimately ended in the collapse of the company.
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works insurance companies appear to have cut down their exposure to high-yield bonds
and those issues in imminent danger of being downgraded (CRO Forum, 2009). Second,
after the crisis-induced high in corporate default rates the lessened volatility in the years
2010 to 2014 along with extraordinarily loose monetary policy showed comparably low
corporate defaults both in numbers and volume (Ou et al., 2017).

Table 3.2 describes the summary statistics for the total NAIC sample, the sample
of all bond issuers experiencing at least one downgrade in one of their bond issues, the
sample of all downgraded bonds, and, finally, the sample of downgraded bonds that pass
the trade screens and are thus eligible for the analysis. Close to 8.5% of bonds within
the insurance company corporate bond universe are affected by downgrades, which rep-
resents roughly 12.3% of total trades within NAIC. These bonds are typically large with
an average issuance size of around $400 million, having on average a 6.5% offering yield.
In comparison to the typical insurer bond the average issue size of downgraded bonds
is slightly smaller. As a consequence of the trade screens though the eligible downgrade
sample contains slightly bigger bonds than the sample of all downgraded bonds. This
suggests that after the uncertainty surrounding the downgrade has been resolved, the
bonds in the eligible downgrade sample may be more liquid and frequently traded than
other non-investment grade as well as typical high-yield bonds.56 Given that the focus
is to study the significance of dealer inventory constraints around downgrades, the over-
representation toward more liquid downgraded bonds, although not ideal, will only help
to strengthen the results if they show up for the more liquid bonds. As expected, insur-
ers tend to hold long-term bonds where the average maturity is close to 12 years and
the average bond age when traded on the secondary market is 3.5 for the total and 5
years for the downgrade samples respectively. Most bonds held and traded by insurance
companies are investment-grade bonds and carry an investment-grade rating of 8 (i.e., a
Moody’s rating of Baa1 (upper- to lower-medium grade)). Bonds that are to be down-
graded hold a median rating of 9 (i.e., a Moody’s rating of Baa2 (lower-medium grade)).
This is within two steps of the non-investment-grade classification where in the period
leading up to the official downgrade rating agencies oftentimes put the respective bond
“on watch” in the sense that a downgrade may very well be anticipated by the market.

In terms of trading activity, the downgraded bonds trade more frequently and in larger
size (i.e., higher turnover and number of trades) than the typical insurer bond in the
total NAIC sample. This is likely due to the increased trading activity surrounding the
downgrade. The median monthly turnover – the bond’s monthly trading volume as a

56Houweling et al. (2005) show that the amount issued appears to be a good proxy for corporate bond
liquidity.
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percentage of its issuance size – is 6.1% for downgraded bonds (4.3% for all bonds in
the total NAIC sample), and the median number of trades per downgraded bond is 103
(80 for all bonds in the total NAIC sample). Insurance companies become net sellers in
the period leading up to the downgrade (i.e., on average 50.1% of all trades are sells)
and keep on selling heavily after the first downgrade announcement (i.e., on average
68.8% of all trades are sells). Given the higher sell frequencies before the downgrade
it appears that the selling pressure in downgraded issues increases in the weeks before
the official downgrade. This points to the fact that the risk management constraints im-
posed on insurance companies induce a collective need to divest downgraded bond issues.

3.2.3. Dealer Characteristics

A. CDS Spreads

Insurers’ collective need to divest downgraded bond issues can lead to substantial selling
pressure. In this case, bond dealers take the role of middlemen and temporarily ab-
sorb order-flow imbalances onto their own balance sheets. Importantly, establishing and
maintaining such inventories requires financing where dealers strongly rely on short-term
collateralized loans (so-called “repos”). As dealers’ effective (short-term) funding costs are
not publicly available I use their credit default swap (CDS) spreads. This proxy main-
tains cross-sectional variation and represents a plausible indicator of credit risk based on
which lenders and risk managers evaluate financing terms and position limits. As higher
credit risk increases monitoring concerns and prompts lenders to demand higher inter-
est rates (Calomiris and Kahn, 1991; Rochet and Tirole, 1996) a dealer’s CDS spreads
appears as a suitable proxy for dealer-specific changes in funding costs.57 In the subse-
quent cross-sectional analysis of cumulative abnormal returns, the main empirical goal
is to link differences in dealers’ inventory financing constraints (as proxied by their CDS
spreads) to price patterns surrounding a downgrade.

The eligible downgrade sample holds 74,108 bond trades with 375 distinct dealer
firms of which, in terms of transactions, the most-active five dealers account for 37.7%,
the most-active ten (25) dealers make up 63.3% (84.3%).58 These dealers show a median
(average) CDS spread of close to 33 (62) basis points (hereafter bps) with a standard

57The haircuts/initial margins in a repurchase agreement (i.e., lender imposed adjustments to the quoted
market value of pledged collateral intended to hedge collateral risk) also vary with credit risk, albeit
weakly.

58Around 200 dealers make up 99% of all transactions where the 200th dealer accounts for 10 trades
over the 12-year sample period. This indicates a skewed distribution with a long tail of dealers who
only marginally contribute to the sample.
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deviation of 74 bps (i.e., a coefficient of variation of 1.19). Figure 3.1 depicts the daily
average dealer CDS spread as well as the lowest and highest CDS quintiles over the
sample period. Notably, the three series co-move strongly but show considerable cross-
sectional variation in levels, clearly highlighted in the spread difference between the first
(least constrained) and the fifth (most constrained) quintile.59 The series closely reflect
the aggregate market condition at the time (e.g., the 2007-2009 subprime mortgage
crisis, and the years 2010-2012 of the European sovereign debt crisis). Overall, dealer
CDS spreads appear to be a reasonable substitute for short-term funding rates60 in that
they increase during periods with heightened credit concerns.

B. Market Shares

Distinguishing bonds with respect to the trading activity of their market-making dealers
offers another dimension for cross-sectional variation. In the subsequent cross-sectional
analyses of cumulative abnormal returns, I use dealers’ annual market shares in terms
of trading volume in a particular bond (or issuer) to compute the Herfindahl index as a
proxy indicator for their bargaining power and the amount of competition. These dealers
show a median (average) market share of 6.2% (16.8%) at the bond- and a market share
of 2.9% (10.9%) at the issuer-level where the standard deviations are given by 2.9%
and 2.9% respectively (i.e., coefficient of variations of 1.44 and 1.77). To illustrate the
cross-sectional differences in dealers’ trading activity the panel in Figure 3.2 reports the
share in monthly trading activity in the downgraded bonds in terms of trading volume
for the most active 5, 10, 25, and 50 dealer firms. The most-active five dealers account,
on average, for 50% of volume highlighting the striking concentration of trading activity
among only a small number of dealers handling a major share in the overall trading of
downgraded bonds. The most-active 10 firms make up just below 70% of the volume, the
most-active 25 firms close to 95% of the volume, and the most-active 50 firms for close
to 100% of the volume in downgraded U.S. corporate bond markets.

59Similarly, there is substantial cross-sectional variation in dealer credit ratings. The quarterly average
rating is at 6.3 (i.e., A2 (upper-medium grade)) with a standard deviation of 3 rating steps. The
first rating quintile is at 4.1 (i.e., Aa3 (high grade)) while the fifth quintile is at 11.3 (i.e., Ba1 (non-
investment grade)).

60Dealer CDS spreads show a significant correlation (+0.25) with the TED spread (i.e., the difference
between the three-month LIBOR and the three-month T-bill interest rates), which is generally used
as a proxy for credit risk in the banking sector and closely related to financial institutions’ short-term
funding markets.

73



Chapter 3: Downgrades, Dealer Funding Constraints, and Bond Price Pressure

3.3. Event Study Methodology

3.3.1. Matching Portfolios

To investigate whether cross-sectional differences in liquidity providers’ financing con-
straints contribute to the price pressures surrounding a downgrade I employ an event
study methodology. Specifically, I compute cumulative abnormal returns (CARs) to ex-
amine the return patterns of downgraded bonds and relate them to bond and dealer
characteristics using cross-sectional regressions.

In spirit of Bessembinder et al. (2009), abnormal returns are measured using a match-
ing portfolio approach where one compares the return of a particular bond i at time t
with the average return on a portfolio of bonds at time t that matches bond i along
a finite number of relevant risk factors (generally proxied for by observable bond char-
acteristics). For a long-horizon event study, as is the case in this paper, constructing a
benchmark return that equals the portfolio return on a small group of bonds with similar
characteristics appears appropriate as it assures a reliable risk adjustment over time. In
an effort to appropriately match bonds along the most relevant risk dimensions I control
for two risk factors: the default risk (proxied by bond ratings) and the maturity risk of
a bond (proxied by time-to-maturity). This yields 10 matching portfolios – five rating
classes (AAA to AA-, A+ to A-, BBB+ to BBB-, BB+ to B, B- to C) times two time-
to-maturity groupings (1 to 5 years (52th percentile), and over 5 years). Matching along
two dimensions is motivated by the balance between ensuring roughly similar portfolio
sizes (with a sufficient number of trades) and creating matching portfolios that offer a
reasonably close and reliable risk adjustment on a daily basis. For robustness, I also
compute a set of matching portfolios based on a bonds’ credit rating and its amount
issued where the latter characteristic proxies for potential liquidity risks of high-yield
bonds (Houweling et al., 2005).61 For brevity and because the results are qualitatively
similar I focus on the findings using rating/time-to-maturity matched portfolios. The
results using rating/issued amount matched portfolios are relegated to the Appendix
(important differences will be pointed out in the main text though).

In comparison to a market return model, which is typically sufficient for short-horizon
event studies, matching portfolios are segmented on finer partitions and therefore con-
stitute a more reliable risk adjustment than broader market indices (e.g., the Barclay’s
U.S. high-yield and investment-grade corporate bond indices). This appears to be criti-
cal, since the assumption that bonds of different ratings load equally on aggregate bond

61In case of rating/issued amount matched portfolios I group bonds into five rating classes and a set
of liquid ($1 to $500 million issuance size; i.e., the 65th percentile) versus illiquid bonds (above $500
million issuance size).
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returns is inaccurate at least within my sample. A univariate regression of bond on index
returns produces an average β on the investment-grade (high-yield) index of 1.2 (0.74)
before (after) the downgrade. That is, a “market return model” (where β = 1 by assump-
tion) would underestimate (overestimate) expected or normal bond returns. Intuitively,
the loading on the index should depend on a bond’s default risk relative to the average
default risk of the index. The majority of bonds hold a BBB- rating (i.e., the lowest
investment-grade rating) in the weeks before the downgrade and a BB+ rating (i.e.,
the highest high-yield rating) in the weeks after the downgrade, which explains the over
(under) exposure on the respective indices. As an alternative to matching portfolios, one
could also use a market-model approach to estimate bond- or portfolio-specific loadings
on various risk factors. For instance, Ellul et al. (2011) estimate a bond’s exposure to
changes in the government bond yield, in both the investment-grade and the high-yield
corporate spreads, as well as the issuer and aggregate stock market returns using bond
portfolios. Since a considerable number of issuers do not have stock price data employ-
ing their particular estimation methodology would unnecessarily restrict the sample size
though. Still, as a robustness check, I replicate my results employing their approach using
a slightly modified regression setup. I replace an issuer’s stock return with the return of
the relevant SIC industry portfolio (using the Fama-French 49 industry classifications).
This exercise does not change the overall conclusions of the paper and in fact produces
comparable CAR patterns (see Figures 3.5, 3.6, and 3.7 in the Appendix).

Bond trades are usually irregularly spaced: some bonds trade on a daily basis, but the
majority of bonds trade infrequently. Thus, focusing solely on daily-traded bonds when
creating the matching portfolios would only reflect the return on the most liquid bonds
and thus potentially omit illiquidity return premia. Likewise, excluding non-consecutive
trades drastically reduces the number of bond trades per portfolio. Hence, to keep a
sizable sample I include both consecutive and non-consecutive bond trades. In case a
bond trades non-consecutively I linearly interpolated its prices in order to calculate a
daily bond return.62 To reduce the effects of highly infrequent trading within a bond
I require that trades are 15 or fewer trading days apart (96th percentile). Finally, on
a given trading day each matching portfolio must contain at least two bond returns.
Otherwise, I compute the portfolio return on trading day t as a weighted average of the
trading returns from days t− 1, t, and t+ 1.63 These requirements can lead to artificial
smoothing in the returns of the matching portfolios, which, although not ideal, should

62Suppose there is a trade at t = 0 for $100, and no trade at t = 1, but there is a trade at t = 2 for
$105. Then, I calculate the daily return from t = 1 to t = 2 using prices $102.5 and $105.

63Notably, this difficulty is mostly prevalent in marginal portfolios (e.g., portfolios with AAA to AA-
or B- to C ratings.
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not further affect the analysis of CARs. Lastly, the composition of each portfolio may
change from day to day, which is partly mitigated by using value-weighted returns.

Arguably, the matching portfolios can be understood as a simplified special case
of the approach proposed by Spiegel and Starks (2016). It is a simplification to the
extent that I do not explicitly estimate daily returns using a dummy variable approach.
And, it is a special case in the sense that bond returns contributing to a portfolio on
a particular trading day are generally equally-weighted. In comparison, I am matching
based on a bond’s rating and its time-to-maturity while Spiegel and Starks (2016) group
on a bond’s yield and its industry classification. Importantly, as in Spiegel and Starks
(2016), the approach yields an average univariate regression coefficient, β, of one when
regressing bond returns on the matching portfolios.

3.3.2. Computing Abnormal Returns

In the calculations of bond returns I use simple returns (reported in %). That is, bond
i’s return at trading day t is calculated as

Ri
t =

Pit − Pit−1

Pit−1

(3.1)

where Pit (P
i
t−1) is the clean price of bond i on trading day t (t− 1).64

I denote the simple return on a corresponding matching portfolio over the event
period t − 1 to t as NRi

t (i.e., the normal or expected bond return for Ri
t). Then, the

abnormal return, ARi
t, for bond i on event day t is calculated as the difference between

the observed return and the normal bond return:

ARi
t = Ri

t − NRi
t (3.2)

Following Ellul et al. (2011) I define the downgrade event as the first downgrade an-
nouncement and the event period as the period from event weeks −20 to +35. When
tracing abnormal returns over weeks −20 to +35, I constrain the sample to bonds that
trade (i) at least once between weeks −20 and −1, (ii) at least once between weeks 0 and
+35, and (iii) at least ten times during the sample period (i.e., excluding highly illiq-
uid bonds with potentially unreliable prices). To obtain cumulative abnormal returns
CARi

[t1,t2] for event period [t1, t2], I aggregate ARi
t for each bond by event week and

accumulate weekly CAR between event weeks t1 and t2. In case of multiple trades per

64The clean price is preferred over the dirty price (i.e., with accrued interest) as it does not vary with
coupon payments such that “clean” returns will not show an abrupt negative return on the coupon
payment date. Arguably, the clean price only captures a bond price but not its interest return though.
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bond i on trading day t and given the lack of time stamps in NAIC I use the median
abnormal return of the particular day. Finally, I normalize CARs for each bond to zero
at week −20.

I calculate the average (median) cumulative abnormal return, ACAR[t1,t2] (MCAR[t1,t2]),
as the average (median) of the normalized CARs across all available bonds in the each
event week. That is, as in Ellul et al. (2011), ACARs and MCARs only contain the CARs
of those bonds that actually trade in a particular event week. Consequently, the number
of bonds used in the calculation of the aggregate statistics varies from week to week.
Due to the potentially large, negative outliers surrounding a downgrade ACARs tend to
be more noisy whereas the MCARs are more robust. Since the mean better reflects the
experience of insurers in aggregate though I report both statistics for the remainder of
the paper.

3.4. Results

3.4.1. Return Patterns Around The Downgrade

The empirical goal is to establish whether or not the financing constraints limiting liquid-
ity providers’ risk-bearing and inventory capacities negatively affect bond price patterns
around a downgrade. I start with a graphical inspection of CARs. Using the volume-
weighted average CDS spread of the five most-active dealers per bond and issuer respec-
tively, I compare CARs for bonds with average dealer CDS spreads above the median
(i.e., constrained dealers with high inventory financing costs) with those for bonds with
average dealer CDS spreads below the median (i.e., unconstrained dealers with high in-
ventory financing costs). Figure 3.3 plots ACAR and MCAR patterns at the bond-level
whereas Figure 3.4 plots them at the issuer-level. I find a striking pattern of large price
drops and reversals around the downgrade, similar to the pattern documented in the
literature (see, e.g., Spiegel and Starks (2016), Ellul et al. (2011)). However, dealer con-
straints appear to have a substantial impact on these price patterns.

Insert Figures 3.3 and 3.4 here

Consistent with the financial constraints hypothesis, those bonds with dealers showing
high credit risks and thus potentially more severe inventory financing constraints expe-
rience substantially larger return deviations, as exhibited by more negative and abrupt
declines in abnormal returns. This provides graphical support for the idea that higher
inventory financing costs limit dealers’ risk-bearing capacities making them less willing
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to establish growing inventory imbalances without substantial price markdowns.

In these plots three observations stand out. Consider, for example, Figure 3.3: First,
CARs are increasingly declining from as early as week −20 where ACARs (MCARs)
have dropped by 6.8% (5.3%) before the first downgrade announcement. This suggests
that markets are likely anticipating adverse rating changes (e.g., due to the deterioration
of issuer fundamentals) resulting in strong negative bond price momentum. The price
decline steepens as the downgrade event approaches suggesting that the speed with which
capital moves out of the distressed bonds is likely increasing. Since bond prices should
incorporate the probability of a downgrade, the more rapid drop in returns appears to
be are result of growing order-flow imbalances rather than changes in the prediction of
issuer credit risks. Notably, before the actual downgrade the bond returns of constrained
and unconstrained dealers do not diverge significantly.

Second, after the downgrade CARs continue to fall and reach their lowest point in
the short period before event week +5. At this point MCARs have dropped by close to
6.9% while ACARs have fallen by 9.7%. By this point the bonds of constrained dealers
have dropped significantly more than those of unconstrained dealers. That is, bond of
dealers with higher financing constraints are experiencing larger price declines and thus
appear to be transacting positions at larger markdowns. These return differences are
significant in particular in the period immediately following the downgrade (see Tables
3.3 and 3.4).

Third, in the period from event week +5 to +10, ACARs show signs of modest price
reversals moving upward by 1.8%. MCARs, on the other hand, more or less stabilize and
improve by 1.4% up to week +25. Clearly, the reversals are steeper and thus faster for
bond of unconstrained dealers suggesting that because these dealers can finance trading
positions at lower costs they are able to rebalance inventories faster at potentially lower
transaction costs than their constrained competitors. For the period after event week +15
the return patterns generally tend to stabilize for the following 20 weeks where bond
prices have dropped by roughly 6.5% (6.1%) in terms of ACARs (MCARs). Notably,
in this period the return differences between bonds of constrained and unconstrained
dealers is not significant different from zero anymore (see Tables 3.3 and 3.4). Overall,
these return patterns are consistent with the findings of Spiegel and Starks (2016) who
show that downgrades lead to significant negative abnormal returns to be followed by
partial prices recoveries.

As reported in Figures 3.5, 3.6 and 3.7 in the Appendix I find similar CAR patterns
(i.e., in terms of timing and magnitude) when using the modified regression-based ap-
proach of Ellul et al. (2011), the simple market-return model used in Han and Wang
(2014), or when using rating/issued amount matched portfolios. All plots are consistent
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with the notion that temporary risk-bearing limits depress bond prices beyond fundamen-
tals until inventory imbalances abate and the negative price pressure partially dissipates.
Importantly, the effects are clearly in line with the financial constraints hypothesis where
bonds handled by constrained dealers are associated with substantially more negative
and abrupt declines in abnormal returns and slower reversals.

To check whether the return differences between bond of constrained and uncon-
strained dealers illustrated in Figures 3.3 and 3.4 are indeed statistically significant I
test the significance of CARs over 5-week periods before and after the downgrade. Ta-
bles 3.3 and 3.4 hold these CAR statistics. I find the CAR difference between bonds with
constrained dealers and those with unconstrained dealers to be statistically significant
in particular in the period immediately following the downgrade.

Insert Tables 3.3 and 3.4 here

Consider Table 3.3, which is measuring dealer constraints at the bond level: In the down-
grade week the MCAR difference is given by -3.73% (t-stat= −2.37) highlighting their
statistical and economic significance. In the weeks following the downgrade (i.e., weeks
+1 to +15) this return difference remains significant at -3.63% on average. For ACARs
the results are similarly negative and given by -3.21% (t-stat= −1.65) in the downgrade
week where I tend to obtain strong statistical significance only as of week +5. That
is, between weeks +5 to +20 the ACAR return difference is strongly significant and
given by -6.64% (t-stat= −3.16) on average. Notice that these CAR differences in bonds
of constrained and unconstrained dealers are strongly negative and highly significant
particularly within the short period after the downgrade while they tend to be statis-
tically insignificant in weeks before and long after the downgrade. This suggests that
cross-sectional differences in dealers’ financing constraints matter exactly when selling
pressure is the highest. And, that the negative price effects tend to be eventually compa-
rable in magnitude as selling pressure dissipates and inventories constraints abate over
time.

Measuring dealer constraints at the issuer instead of the bond level, the CAR statistics
are slightly more noisy such that I obtain less significance but similar in terms of timing
and magnitude (see Table 3.4). Market making at the issuer level entails handling more
trading volume. In principle, hedging adverse price movements of held inventories within
the same issuer (e.g., long downgraded bond B1 and short another investment-grade bond
B2 of issuer B) may allow dealers to partially avoid some of the inventory (price) risks.
For this reason one could expect that market-making at the issuer level increases dealers’
risk-management and hedging possibilities. However, as dealers receive no capital relief
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from hedges within the same bond issuer under Basel rules such within-issuer price hedges
come at the cost of increased capital and financing needs. As a consequence, handling
increased order-flow at the issuer level may intensify inventory effects for constrained
dealers in particular under intense selling pressure.

Overall, downgrades from the investment to the non-investment grade classification
appear to lead to permanent devaluations of bond prices, which, through the perspective
of microstructure models, reflect lasting changes in investors’ expectations. The fact that
CARs partially reverse in the long run suggests that the collective need to divest down-
graded bonds may, at least in the short-term, be limited by dealers’ inventory capacities.
That is, downgrades tend to depress bonds prices beyond fundamental values (i.e., prices
overshoot their new long run equilibrium value) where part of the overly negative price
effects eventually dissipate over time as aggregate dealer inventories revert to their long-
term averages. Importantly, the above analysis highlights that these return patterns are
different for bonds handled by constrained versus those handled by unconstrained dealers
and that these differences appear to be consistent with the idea that dealers’ financial
constraints limit their risk-bearing capacities around a downgrade.

3.4.2. Cross-Sectional Regressions of Downgraded Bonds

In what follows I run bond-level cross-sectional regressions to relate CARs to bond, trad-
ing, and dealer characteristics. Beside CARi

[−20,+35] (spanning the entire event window)
I study CARi

[−20,−1] to capture the downward return pressure up to the rating change
as well as CARi

[0,+35] to capture the effect following the actual downgrade. I employ two
estimation procedures: first, to reflect the average trading experience of an insurer I use
regular OLS, and, second, due to potentially large, negative outliers I also use median
regressions for robustness.

The regression equation relating the cross-section of CARs to bond, trading, and dealer
characteristics is given by

CARi
[t1,t2] = α + βDD

i
[t1,t2] + βTT

i
[T1,T2] + βBB

i +
2014∑

k=2003

γkδ
i
k + γfinδ

i
fin + γint

(
δifin × δicrisis

)
+ εi .

(3.3)

In equation (3.3) the vectors Di
[t1,t2], T

i
[T1,T2], and B

i hold dealer -specific attributes that
proxy for the market presence and the inventory constraints of the most-active five
dealers, a set of measures capturing bond i’s trading activity, as well as general bond -
specific characteristics.
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Specifically, the vector Di
[t1,t2] holds the following regressors: Relative to the down-

grade date and corrected for the trading within the event window I construct a bond’s
annual Herfindahl index where a higher index points to a reliance on a small number
of key market makers, potentially rendering the bond trading imperfectly competitive.65

To make the measure comparable across bonds (issuers) and time I compute the ratio
of each respective Herfindahl index over the median Herfindahl index per calendar year.
In case of an industry-wide sell-off of a downgraded bond issue one would expect the
selling pressure to be partially alleviated if it can be shared among more (unconstrained)
market makers. Similarly, using primary market data, I identify a bond’s (issuer’s) lead
underwriters and compute their market share (in %) per event year where higher fig-
ures around the downgrade would point to a sustained issuer-dealer relationship and a
potential commitment to market-making for a particular bond (issuer). Lastly, and of
primary interest, I construct the weekly volume-weighted average CDS spread of the five
most-active dealers per bond and issuer respectively.66 For comparison across bonds (is-
suers) and time I then compute the ratio of weekly dealer CDS averages over the median
dealer CDS average per calendar week and accumulate the resulting ratio between event
weeks t1 and t2. Consistent with the financial constraints hypothesis, bonds with more
constrained dealers as their most-active market-makers should experience substantially
larger price pressure, as exhibited by more negative and abrupt declines in abnormal
returns.

The vector T i[T1,T2] contains bond-specific trading characteristics computed between
weeks T1 = −75 to T2 = −20 preceding the downgrade. For each bond, insurers’ net
trading volume (in $ millions) using NAIC transactions is calculated as the buy volume
minus the sell volume during weeks −75 to −20, divided by the bond issue size.67 A
positive net volume identifies the insurance industry as a net buyer where larger figures
could suggest more severe selling pressure. Using TRACE data, I compute the total
non-insurer trading volume of a bond (in $ millions) over weeks −75 to −20 as the
sum of all TRACE trading volume minus the equivalent NAIC trading volume where
the difference is then divided by the bond issue size. This measure captures potential
buy-side capital where more frequent and higher trading of non-insurance companies
may suggest a potentially larger client base. The latter could make it easier for dealers
to offset trading positions after a downgrade. This argument, however, is only valid if

65In that the measure closely follows O’Hara et al. (2016).
66The weighting of CDS spreads by trading volume is based on dealers’ trading activity per event year in
a particular bond (issuer). The results remain qualitatively unchanged when I correct for the trading
within the event window.

67This measure does not taking primary market trading into account (i.e., trades executed on a bond’s
offering date).
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the available capital is free to take on non-investment grade bonds (i.e., most pension
and mutual funds are subject to regulation too). Capturing the ability to readily offset
trading positions with another customer in a particular bond in a short period of time,
I compute the average time (in minutes) between consecutive customer-dealer trades
within TRACE in the weeks −75 to −20. In a bond with high interest from buy-side
clients one would expect less time between customer-dealer trades. In contrast to this,
I compute a proxy for an active inter-dealer market that captures the share (in %) of
inter-dealer trades relative to all trades (i.e., customer-dealer plus inter-dealer trades) in
TRACE in the weeks −75 to −20. The need for the inter-dealer market may point to
a lack of buyer capital (e.g., because of small dealer client base). Turning to the inter-
dealer market is one way of ensuring that positions do not end up as inventories but are
passed along to other dealers who might show a better fit for a particular inventory risk.

Captured in Bi, I control for a range of bond characteristics. For instance, the natural
logarithm of a bond’s offering amount (in $ million)68 and the natural logarithm of a
bond’s age (i.e., the time since issuance) measured at the time of downgrade. Also, I
include a dummy that flags bonds if they do not have seniority in order of repayment
(i.e., all forms of junior and subordinate debt). Similarly, I include a dummy for bonds
with credit enhancements (e.g., guarantees, letter of credit, etc.). As a measure of rating
dispersion I use the maximum rating difference measured in the week before t1 (i.e., the
difference between the highest and the lowest rating in case of multiple agencies; in case
of only one agency this measure is zero by definition).

Finally, I include a dummy, δifin, flagging an issuer’s SIC industry code as related
to finance or banking (i.e., using the Fama-French 49 industry portfolio classifications).
These issuers may have experienced more severe pressure in case of downgrades during
the 2007-2009 subprime crisis. I also add year fixed-effects, δik,69 and include an inter-
action term, δifin × δicrisis, that captures downgrades of financials during the 2007-2009
subprime crisis period (particularly August 2007 to March 2009).

In the particular regression settings it makes sense to de-mean (de-median) all in-
dependent variables in order to give the regression constant the interpretation of the
mean (median) cumulative abnormal return. Thus, all variables have to be interpreted
as deviation from the mean (median) such that I will report the marginal effect of a
particular regressor in terms of a one standard deviation increase.

The error term εi in equation (3.3) is assumed to be zero on average and uncorrelated

68For matching portfolios based on bond ratings and issue amount the natural logarithm of the (re-
maining) time-to-maturity at the time of the downgrade is used instead.

69For instance, Ellul et al. (2011) find the year 2002 to be the most likely to result in fire sale prices
since insurers are found to be more “impaired” and thus likely to heavily sell downgraded issues.
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with the explanatory variables. Econometric issues may be the following: As captured in
Table 3.1, the majority of firms have only a handful of bonds affected by a rating event
while there is a small number of large issuers with a lot of bonds being downgraded
in close proximity of time.70 For one, this may lead to a (potentially) skewed distribu-
tion of downgrades across issuers. Given that the focus is to study the significance of
dealer inventory constraints, the overrepresentation of issuers with multiple downgraded
issues, although not ideal, will strengthen the point that insurers’ collective need to
suddenly divest downgraded issues can temporarily overexert dealers’ risk bearing and
inventory capacities. Actually, median regressions as well as using subsamples (e.g., ex-
cluding Lehman Brothers) suggest that the results are not driven by only a handful of
issuers. For another, downgrades may be clustered (i.e., downgrades in close proximity
with potentially highly correlated bond and dealer characteristics) and have overlapping
event windows, which violates the assumption of independent observations and leads to
inflated t-statistic. To overcome these issues I correct the standard errors by clustering
observations at the issuer×downgrade-year level.

3.4.2.1. Baseline Findings

With the bond-level cross-sectional analysis I want to confirm that the impact of deal-
ers’ inventory constraints on CARs documented in the graphical analysis is indeed valid
after controlling for various bond and trading characteristics. Table 3.5 reports the av-
erage and median regression estimates for the full, the pre, and the post event period
for abnormal returns computed against a rating/time-to-maturity matched portfolio and
dealer constraints measured for the five most-active dealers at the bond-level. Table 3.6
holds the regression results when dealer constraints are measured at the issuer-level.

Insert Tables 3.5 and 3.6 here

To begin with, the regression results confirm the observed patterns of the graphical
inspection: dealers’ inventory financing constraints (as proxied by their CDS spreads)
have a negative, economically meaningful, and highly significant effect on CARs over
the entire event window (i.e., weeks −20 to +35). Even though OLS estimates are more
pronounced than the median regression results, the negative impact on CARs remains
consistently significant across both estimation procedures. Consider the regression re-
sults for the whole event period [-20,+35] where dealer constraints are measured for the
five most-active dealers at the bond-level: the average (median) estimate of −12.11%

70In the years 2005 and 2008 big issuers such as Ford and General Motors as well as Lehman Brothers
experience downgrades in most (if not all) of bond their issues on the same calendar date.
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(−5.82%) implies that a one standard deviation increase in the ratio of a bond’s volume-
weighted average dealer CDS spread over the median dealer CDS spread at the time is
associated with a significant negative average (median) CAR of 3.55% (1.71%).

I find the negative impact on CARs to be stronger when measuring dealer constraints
at the issuer instead of the bond-level. Table 3.6 suggests that for a one standard devi-
ation increase the average (median) estimate of −17.39% (−7.04%) implies a negative
CAR of 4.24% (1.71%). This suggests that bonds and particularly issuers with con-
strained dealers (i.e., an average volume-weighted dealer CDS spreads above the median)
exhibit more negative cumulative abnormal returns around a downgrade.

Comparing the pre- with the post-event window when measuring dealer constraints
at the issuer-level, the empirical evidence suggests that the negative impact of dealers’
inventory constraints on CARs is stronger in the weeks following the downgrade (i.e.,
weeks 0 to +35). Using OLS, the coefficients on the dealer CDS ratio are −6.90 for the
pre-event and−10.29 for the post-event window. Moreover, in the median regressions, the
coefficient on the dealer CDS ratio is of lower magnitude and does not obtain statistical
significance in the period leading up to the event (i.e., weeks -20 to -1). This indicates that
inventory financing constraints appear to matter more after the rating change occurs, the
insurance industry is constrained to selling the bond issue, and dealers’ inventory limits
become binding. When dealer constraints are measured at the bond-level this effect is
much less pronounced.

Overall, these findings provide strong support for the financing constraint story:
bonds handled by dealers with higher inventory financing constraints and therefore lim-
ited risk-bearing capacities show a higher price pressure around a downgrade. The effect
on CARs is negative and substantially larger for bonds with dealers showing high credit
risks, which suggests that constrained dealers are less willing to establish growing inven-
tory imbalances without substantial price markdowns.

Among the remaining dealer characteristics the market share of a bond’s lead under-
writers (LU) has a positive, significant and economically meaningful effect on ACARs in
particular in the pre-event period (i.e., weeks -20 to -1). The coefficient of 0.13 implies
that a one standard deviation increase results in an increase of ACARs of approximately
1.15%. This suggests that in the weeks leading up to the downgrade higher involvement
of lead underwriters in the market-making of a bond is associated with less price pressure
(e.g., due to a valuable issuer-dealer relationship resulting in an implicit commitment
to a bond). This appears to be in line with a finding by Dick-Nielsen et al. (2012) who
show that bonds become more illiquid if two particular lead underwriters, potentially
still serving as market-makers in secondary market trading, are facing financial distress
(i.e., Bear Stearns in March 2008, and Lehman Brothers in September 2008). Admittedly,

84



Results

when measured at the issuer level or using median regressions the effect of LU market
share on CARs is not statistically significant anymore.

A bond’s Herfindahl ratio (i.e., the Herfindahl index scaled by the median Herfindahl
index at the time) has a significant and negative effect on ACAR in the pre-event period
(i.e., weeks -20 to -1). This effect is significant both at the bond- and the issuer-level
where coefficients imply that a one standard deviation increase leads to decrease in
ACARs of 1.00% and 1.35% respectively. That is, a reliance on a small number of key
market makers, potentially rendering the bond trading imperfectly competitive, decreases
CARs in particular in the weeks leading up to the downgrade. Using median regressions,
this effect does not obtain statistical significance.

Over the entire event-window the regression constants are significant and well be-
low zero throughout all specifications. As reported in Table 3.5, the average (median)
constant is −11.26% (-4.53%). Comparing the pre- and the post-event windows, the con-
stants show a noticeable pattern: CARs in the pre-event period are significantly lower.
This is the case because the post-event period is associated with return reversals where
overly negative price pressure is partially reversed through positive returns after event
week 10. Using median regressions, the constant for the weeks following the downgrade,
0.59%, is even slightly positive.

Unreported in the Tables 3.5 and 3.6, year dummies barely obtain statistical sig-
nificance. With the exception of the years 2003, 2005, 2008 and 2009, these dummy
estimates have a positive effect on CARs. Zooming in on the crisis period, I do not find
that CARs of bonds experiencing a downgrade during the years 2007 to 2009 are per se
lower. However, I find the interaction effect between the crisis period and the financial
industry dummy to be very negative and strictly different from zero at any reasonable
level of significance. The coefficients suggests that bond ACARs (MCARs) of financial
firms are depressed by 9.87% (15.18%) for a one standard deviation increase over the
entire event period. The effect is similar in magnitude for estimates in Table 3.6. That
is, bond downgrades of financial companies during the 2008 subprime crisis period are
associated with highly negative CARs. This appears to be, among other things, driven
by the Lehman Brothers default in September 2008 but still holds (in unreported results)
for subsamples excluding Lehman Brothers.

Considering the remaining control variables in Table 3.5, I find that only a small
number of regressors is associated with significant and economically meaningful effects.
Among the bond characteristics, credit enhancements (e.g., guarantees, letter of credit,
etc.) significantly reduce price pressure such that bonds with enhancement features fair
better and, for a one standard deviation increase, are associated with a positive ACAR
of 2.08%. In a similar spirit, I find that juniority in order of repayment (i.e., all forms of
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junior and subordinate debt) points toward strongly negative ACAR. However, the effect
does not obtain statistical significance. The variable rating dispersion is associated with
a positive effect on ACARs. That is, wider disagreement between agencies, measured
as the difference between the highest and the lowest available rating, leads to lower
price pressure, especially leading up to a downgrade. Comparing the pre- with the post-
event window coefficient, a one standard deviation increase in rating dispersion increases
ACARs by 3.74% and 1.54% respectively. Thus, rating dispersion appears to capture the
strength of a sell-off and thus the decline of returns in the period leading up the event,
which is likely associated with insurers being less pressured into selling downgraded issues
quickly. Using median regressions, the effects of the various bond controls oftentimes
obtain less statistical significance. I find bond age to have a negative and significant
effect on MCARs where a one standard deviation increase reduces MCARs by 0.90%
over the entire event window.

Among a bond’s trading characteristics, the coefficient on the share of inter-dealer
trading is significant and negative and tends to decrease ACARs by 1.07% for a one
standard deviation increase. Higher inter-dealer trading can point to a dealer’s inability
to offset a position within her client base. Then, instead of building up inventory or
increasing the search efforts with the client base a dealer may turn to the inter-dealer
market. But this may come at a cost. As such, the negative coefficient on the share of
inter-dealer trading suggests that limited buy-side capital increases price pressure. Simi-
larly, the average TRACE time stamp difference between customer-dealer trades obtains
statistical significance and depressed MCARs by 0.72% for a one standard deviation
increase. More time between customer-dealer trades can be understood as another indi-
cation that dealers find it hard to offset a particular bond position quickly within their
client base and therefore require larger markdowns around a downgrade. Both findings
suggests that bonds that show a lack of buy-side capital experience more price pres-
sure. Hence, bonds that, from a dealer’s perspective, are more illiquid and harder to
offset come with larger markdowns. In what follows I investigate the aspect of expected
liquidity further by running cross-sectional regression on liquidity subsamples.

3.4.2.2. Accounting for Recent Bond Liquidity

On top of inventory price risks, high-yield bond inventories are costly in terms of financing
and require higher risk-based capital charges. In the process of acquiring downgraded
bond positions, dealers’ expected inventory costs are therefore a function of the expected
illiquidity of a particular bond position. For instance, Goldstein and Hotchkiss (2017)
find that, as consequence of dealer search efforts, inventory positions in high-yield bonds
are oftentimes quickly offset in order to mitigate inventory risks and costs associated
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with holding inventory positions. Thus, dealers’ propensity to offset trading positions
within a short period of time rather than to establish inventories is, among other things,
determined by a bond’s liquidity. Besides bond characteristics such as the amount issued
and bond age, which have been shown to be good proxies for liquidity by Houweling
et al. (2005),71 a bond’s recent (in)frequency of trading, measured by a bond’s non-zero
trading days, provides a good proxy for expected near term trading activity (see, e.g.,
Goldstein and Hotchkiss (2017)). Typically, the number of non-zero trading days will be
higher for bonds with a larger buy-side interest rendering these bonds more liquid.

Thus, in the subsequent analysis, I re-run the cross-sectional regressions while ex-
ploiting the non-zero trading days measure. Besides including the variable as another
control variable, I form subsamples of the data by splitting all downgraded bonds into
a group of liquid and one of illiquid bonds. In case the number of non-zero trading days
in the weeks −75 to −20 preceding the downgrade is less (more) than 72 a bond is
categorized as illiquid (liquid). The cutoff point for non-zero trading days is the median.
Tables 3.7 and 3.8 hold the regression results.

Insert Tables 3.7 and 3.8 here

To start with, the results are robust to the direct inclusion of the non-zero trading days
liquidity measure as another control variable in regression equation (3.3). The liquidity
proxy yields a positive but statistically insignificant coefficient of 0.017 (0.019) with t-
stat= 1.21 (t-stat= 1.32) when dealer constraints are measured at the bond-level (issuer-
level). This translates into a increase of CARs of 1.27% (1.36%) for a one standard
deviation increase in a bond’s trading frequency. That is, frequently traded and thus
more liquid bonds show higher ACARs over the full event window. Importantly, the
coefficient on the dealer CDS ratio is not affected by the inclusion and remains at −12.40

with t-stat= −3.63 at the bond-level (−17.71 with t-stat= −4.20 at the issuer-level). As
reported in Table 3.8 median regression coefficients are also robust (i.e., the magnitude
and significance of the coefficient on Dealer CDS ratio does not change markedly) to the
inclusion of the non-zero trading days variable. The latter yields a positive coefficient of
0.018 (0.020) with t-stat= 1.55 (t-stat= 1.75) when dealer constraints are measured at
the bond-level (issuer-level), which translates into a increase of CARs of 1.40% (1.32%)
for a one standard deviation increase in a bond’s trading frequency.

The positive effect of higher (recent) bond liquidity on CARs is also picked up in
the subsample regressions: the regression constants across the subsamples indicate that

71The non-zero trading days measure is significantly positively correlated (0.69) with the issued amount
and significantly negatively correlated (-0.16) with bond age.
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illiquid bonds show a highly significant negative ACARs over the entire event window
(i.e., weeks−20 to +35) whereas the constant is not significant for liquid bonds. Consider,
for example, the LoLiq specifications when dealer constraints are measured at the bond-
level: the ACAR is −11.35% (-11.73%) for illiquid (liquid) bonds where the constant in
the low liquidity subsample is highly statistically significant, t-stat= −9.18, while the one
in the high liquidity subsample does not obtain statistical significance, t-stat= −1.60.
Using median regression, I find all constants to be insignificantly different from zero
across both subsamples.

The subsample regression results are consistent with the financing constraint story:
bonds handled by dealers with higher inventory financing constraints show lower CARs
around a downgrade. The effect remains negative, and economically meaningful. How-
ever, the subsample regression coefficients suggest that CARs of liquid bonds are more
negatively affected by dealers’ inventory financing constraints than illiquid bonds. The
estimates imply that a one standard deviation increase in the dealer CDS ratio decreases
ACARs by −4.86% (−1.75%) for liquid (illiquid) bonds when dealer constraints are
measured at the bond-level. When measured at the issuer-level, the impact on ACARs
is given by by −6.15% (−1.93%) for liquid (illiquid) bonds. Using MCARs this effect is
more moderate and given by −2.72% (−1.20%) for liquid (illiquid) bonds when dealer
constraints are measured at the issuer-level. One explanation for this finding could be
that the employed backward-looking liquidity proxy does poorly in predicting future liq-
uidity following a downgrade. In fact, volume and frequency based measures may pick
up high levels of recent liquidity exactly because of the trading activity of regulated
buy-side clients such as insurance companies and mutual funds. Upon a downgrade,
however, these investors become subject to regulatory constrains that drastically limit
their trading activity in the affected bonds going forward. Hence, expected liquidity may
be substantially lower after a downgrade, especially if a large fraction of a dealer’s client
base is not allowed or willing to hold the downgraded issues anymore. Then, offsetting
these trading positions requires higher search efforts than before the downgrade. On the
other hand, for a recently illiquid bond the appropriate means to offset the position, e.g.,
with specialized investors, might already be in place. Hence, if a constrained dealer is
overwhelmed with sell orders and builds up inventory in a recently liquid but soon to be
illiquid downgraded bond issue the differences in the above estimates could be justified.

On this note, the return difference between liquid and illiquid bonds will be reduced
when the latter show more frequent inter-dealer trading. The inter-dealer market allows
dealers to pass along trading positions to other dealers who are indicating a better fit for
the particular trading position. Only the subsample of illiquid bonds exhibits significantly
lower CARs when there is a higher share of inter-dealer trades in total trading. The
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coefficients imply that for a one standard deviation increase in the variable ACARs of
illiquid bonds decrease by −1.39% when dealer constraints are measured at the bond-
level (−1.29% at the issuer-level). Using median regressions, this effect on illiquid bonds
is of similar significance but less pronounced: MCARs increase by −0.66% (−0.64%)
when dealer constraints are measured at the bond-level (issuer-level). This suggests that
whenever a dealer cannot re-sell illiquid bond position with specialized investors within
her client base and turns to the inter-dealer market instead these bonds experience more
substantial price pressure. Increased inter-dealer trading appears to be an indication of
smaller buyer interest in a particular bond issue such that price markdowns associated
with illiquid bonds appear to be affected by a trade-off between retaining inventory risks
and search efforts.

3.4.2.3. Accounting for Insurer Constraints

Ellul et al. (2011) show that more constrained insurance companies are more likely to
sell at least part of their holdings of a downgraded bonds. This oversupply can amplify
selling pressures especially in periods when the insurance industry as a whole is more
constrained. To control for insurer constraints I take into account three insurer-specific
variables as employed by Ellul et al. (2011) in Section 3.1 “Probability of selling around
the downgrade”.72 First, the holdings of the entire insurance industry in a particular bond
(in %) measured in the quarter before the downgrade. Second, the holdings of property
insurance companies (in %) in the quarter before the downgrade in order to account for
the fact that property insurance companies, in comparison to life insurers, face relatively
short-term and more uncertain liabilities, which prompts them to divest downgraded
bonds more rapidly. Third, as a direct measure of regulatory constraints, the average
NAIC risk-based capital ratio (RBC ratio) of all insurers holding the respective bond.
This ratio is defined as the ratio of total adjusted capital to NAIC risk-based capital.
RBC is the minimum amount of capital that the insurance company must maintain based
on the inherent risks in its operations. Higher RBC ratios represent better capitalization
and ratios below 2.0 trigger supervisory interventions. As documented in Ellul et al.
(2011) this proxy is a strong predictor of a bond’s selling probability upon a downgrade.

As their data ranges from 2001 to 2005 whereas my data ranges from 2002 to 2014
I can only include downgrades during the years 2002 to 2005 (i.e., fully excluding the
2007-2009 subprime crisis period). This reduces the sample from roughly 882 feasible
downgrades to 234 downgrades. As Ellul et al. (2011) only include bonds that exhibiting

72I thank Chotibhak Jotikasthira for sharing data on bonds’ selling probabilities. Ellul, Jotikasthira, and
Lundblad (2011) employ several measures of insurer constraints to predict the probability of insurer
sells surrounding a downgrade.
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zero-issuer-stock returns upon the downgrade this subsample only investigates down-
grades in absence of information effects. All bond with insurer-specific characteristics
are senior debt which means I drop the juniority dummy. The years from 2002 to 2005
when cross-sectional differences in dealer CDS spreads are at their lowest (see Figure
3.1) and the quintile spread is at merely 30 bps. During this period markets become
increasingly more liquidity close to its all-time high in the year 2006 (see Bao et al.
(2011)) and dealers start scaling up their balance sheets with cheap short-term funding
(Rosengren (2014)). The empirical strategy is straightforward: I include the RBC ratio
as another independent variable in my cross-sectional regression to check whether the
coefficient on dealer financing constraints retains its strength and significance. Table 3.9
holds the regression results.

Insert Table 3.9 here

The results in Table 3.9 are consistent with the financial constraint hypothesis: bonds
with more constrained dealers experience significantly lower CARs around a downgrade
where the average effect is more pronounced than the median effect. Consider specifica-
tion 2, the estimate of −13.55 implies that for a one standard deviation increase in the
dealer CDS ratio decreases ACARs by −2.55%. Likely due to the lack of power given
the limited number of observation, I obtain less statistical significance. Using OLS, the
coefficients are still highly significant when measuring dealer constraints at the issuer-
level and slightly less significant at the bond-level. In median regressions, the effect has
the right sign and economic magnitude but the effect is not significant anymore. Overall,
the impact of dealers constraints on CARs appears robust to the inclusion of insurer
constraints. Upon a downgrade, dealer constraints, on average, still amplify downward
price pressure in downgraded bonds.

The insurer-specific variables do not obtain statistical significance throughout all
specifications. The direction of the coefficients on insurer holdings and the RBC ratio are
in line with expectations. Higher insurance holdings result in more negative CARs. Also,
bonds held by better capitalized insurers experience less price pressure. Surprisingly, the
coefficient on property insurer holdings is positive suggesting that bonds with higher
property companies holding them show increasing CAR.

Among the remaining control variables, a bond’s age tends to significantly depress
CARs within this subsample. A one standard deviation increase in bond age decreases
ACARs by 3.64%. Surprisingly, rating dispersion before a downgrade now has a sig-
nificantly negative impact on CARs leading to a decrease of 3.64% for a one standard
deviation increase in the variable. This result is likely driven by the fact that before
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July 2005 (i.e., within this particular sample period) Lehman Brothers’ corporate bond
indices based their index constituency on the first downgrade leaving no room for any
dispersion in ratings. That is, with the downgrade positions need to be sold, which ul-
timately increases price pressures. Similar to the findings in Subsection 3.4.2.2, a one
standard deviation increase in the share of inter-dealer trading in a downgrade issue
decreases ACARs by 1.36%. The coefficient flagging financial firms is positive and sig-
nificant, which implies an increase in ACARs of 3.83% for a one standard deviation
increase. The effect predominantly captures the trading in the Ford and General Motors
subsidiaries General Motors Acceptance Corporation (GMAC) and Ford Motor Credit
Company (FMCC) respectively, which handle the auto financing and loans in support
of their parent companies. Thus, in comparison to the average CAR, which is around
−9%, financials firms show significantly higher ACARs within the event period.

3.5. Conclusion

This paper investigates the impact of dealers’ financial constraints on fire sales of corpo-
rate bonds by insurance companies. As insurance companies operate under regulations
that constrain their risk-taking capacities, a bond downgrade from investment-grades
to non-investment-grades can induce a collective need to immediately and collectively
divest downgraded bond issues (see, Ellul et al. (2011)).

Since regulated insurance companies as a group hold over a quarter of all outstanding
corporate bonds, the forced selling of downgraded bond issues temporarily generates
substantial order flow imbalances. Upon a downgrade, corporate bond dealers provide
liquidity by absorbing these temporary order-flow imbalances onto their own balance
sheets. Dealers’ ability to take the role of middlemen is closely linked to the ease with
which they can establish and maintain inventory positions. Speculative bond inventories
hold substantial inventory price risks, require higher risk-based capital charges, and are
costly in terms of financing. At least in the short-term, a dealer’s financial constraints can
create temporary limits in her risk-bearing capacities. As the cost of liquidity provision
increases, a dealer can become increasingly hesitant to take on additional inventory, and
may quote smaller quantities at less attractive prices.

I show empirically that dealers’ financing constraints (as proxied by dealers CDS
spreads) have a statistically and economically meaningful negative impact on the bond
price patterns surrounding a downgrade. Consistent with the financial constraints hy-
pothesis, bonds that are handled by constrained dealers experience substantially larger
return deviations, as exhibited by more negative and abrupt declines in abnormal returns.
The empirical evidence suggests that higher inventory costs limit dealers’ risk-bearing
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capacities making them less willing to establish growing inventory imbalances without
substantial price markdowns. These findings are robust to controlling for various bond,
market, and dealer characteristics as well as when using median regressions.
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3.6. Figures

Figure 3.1: Cross-Sectional Dispersion in Dealer CDS Spreads

Note: This figure illustrates the daily average dealer CDS spread as well as the lowest and highest dealer CDS quintiles.
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Figure 3.2: Dealer Trading Activity in Downgraded Bonds (by Volume)

Note: This figure illustrates the annual trading volume of the most-active 5, 10, 25, and 50 dealer firms.
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Figure 3.3: CARs around Downgrade (bond-level)

Note: Dealer CDS spreads are measured at the bond-level .
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Figure 3.3: The upper (lower) panel holds average (median) cumulative abnormal returns, ACARs (MCARs), of down-

graded bonds. CARs are based on rating/time-to-maturity matched portfolios. Event week is on the X-axis and week 0 is

the downgrade announcement week. CARs are grouped by above-median (constrained) and below-median (unconstrained)

weekly volume-weighted dealer CDS spreads of the most-active five dealers measured at the bond-level.
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Figure 3.4: CARs around Downgrade (issuer-level)

Note: Dealer CDS spreads are measured at the issuer-level .
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Figure 3.4: The upper (lower) panel holds average (median) cumulative abnormal returns, ACARs (MCARs), of down-

graded bonds. CARs are based on rating/time-to-maturity matched portfolios. Event week is on the X-axis and week 0 is

the downgrade announcement week. CARs are grouped by above-median (constrained) and below-median (unconstrained)

weekly volume-weighted dealer CDS spreads of the most-active five dealers measured at the dealer-level.
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3.7. Tables

Table 3.1: Number of Downgrades from Investment to Non-Investment Grades

Downgraded Bonds (all) Downgraded Bonds (eligible1)

Year #Bonds #Issuers Mean B/I Median B/I #Bonds #Issuers Mean B/I Median B/I

2002 349 125 5.6 4 103 54 5.2 4
2003 178 72 4.4 3 103 48 5.2 3
2004 120 46 4.3 4 72 34 4.2 4
2005 537 69 52.5 23 133 40 11.8 13
2006 154 54 6.0 4 101 37 5.8 4
2007 155 53 5.5 4 96 33 6.5 6.5
2008 314 64 26.5 10 117 39 21.2 8
2009 484 81 31.1 18 148 50 12.5 6
2010 88 33 5.2 4 46 21 5.2 4
2011 55 22 4.3 3 34 14 4.6 3
2012 54 27 4.7 3 40 19 5.4 3
2013 89 31 5.5 5 61 22 6.0 6
2014 67 29 3.6 3 24 12 3.7 3

Total 2,644 706 22.1 7 1,078 423 8.8 5

This table reports the number of downgraded bonds per issuer and year over the sample period (i.e., July 1, 2002 to June

30, 2014). As specified in Section 3.2, the columns captioned Total Downgrades hold the total number of downgrades

from investment to non-investment grades over the sample period after cleaning the data (i.e., bond screens; price, volume,

and timing screens; excluding NAIC portfolio events; discarding outliers). The columns captioned Eligible Downgrades

hold the number of downgraded bonds that are eligible for the event study analysis.1 #Bonds is the number of bonds.

#Issuers is the number of issuers. Mean B/I gives the average number of downgraded bonds per issuer. Median B/I

gives the median number of downgraded bonds per issuer. In the years 2005 and 2008 big issuers such as Ford and General

Motors as well as Lehman Brothers experience downgrades in several of bond issues on the same calendar date, which

explains the spike in the bonds per issuers statistics.
1 Eligible bonds are those that trade (i) at least once between weeks -20 and -1, (ii) at least once between weeks 0 and

+35, and (iii) at least ten times during the sample period (i.e., excluding highly illiquid bonds with potentially unreliable

prices).
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Table 3.2: Summary Statistics for the Downgrade Sample

Downgrades (all) Downgrades (eligible1)

Total NAIC Sample Downgraded Issuers Before Downgrade After Downgrade Before Downgrade After Downgrade

Mean Med Std Mean Med Std Mean Med Std Mean Med Std Mean Med Std Mean Med Std
#Obs 774,627 151,859 62,969 32,238 51,287 22,821
#Bonds 24,235 4,491 2,024 2,024 968 968
Issuance 424 250 531 392 250 492 340 200 469 340 200 469 567 400 555 567 400 555
Maturity 11.6 10.1 9.6 11.9 10.1 9.9 13.7 10.2 11.0 13.7 10.2 11.0 13.7 10.2 10.1 13.7 10.2 10.1
Yield 5.9 6.0 2.2 6.4 6.5 2.3 6.7 6.7 2.6 6.7 6.7 2.6 6.7 6.8 1.3 6.7 6.8 1.3

Rating 8.0 8.0 3.6 9.9 10.0 3.2 8.6 9.0 1.6 13.4 12.0 3.1 8.6 9.0 1.6 13.1 12.0 2.8
Bond Age 3.3 2.4 3.2 4.9 4.4 3.4 5.2 4.8 3.2 4.2 3.4 3.6 5.0 4.6 2.9 4.0 3.3 3.1
Time-to-Maturity 8.3 6.3 7.9 9.0 6.0 9.3 8.2 5.3 8.9 10.6 7.5 9.9 8.0 5.2 8.2 10.2 7.3 9.2

Turnover 4.3 2.7 5.5 4.9 3.3 5.7 6.1 4.3 6.6 4.7 3.2 5.2 5.9 4.3 5.8 4.8 3.5 4.8
Trade Size 2,466 987 4,609 2,639 1,000 4,499 3,042 1,000 4,887 2,466 1,000 4,494 2,991 1,000 4,881 2,453 1,000 4,394
#Trades per bond 121.7 80.0 125.3 116.5 78.0 111.6 147.4 103.0 128.6 111.4 74.0 111.9 166.7 123.0 132.0 133.8 87.0 122.8
#Trades p.m. 11.8 8.0 11.6 11.4 8.0 10.6 14.2 10.0 12.3 10.8 7.0 10.3 15.9 12.0 12.7 12.7 9.0 11.3
#Trades p.d. 1.3 1.0 0.9 1.4 1.0 0.9 1.4 1.0 1.1 1.3 1.0 0.8 1.5 1.0 1.1 1.3 1.0 0.8
Sells 48.3 Buy 50.0 53.9 Sell 49.9 50.1 Sell 50.0 68.8 Sell 46.3 50.5 Sell 50.0 70.0 Sell 45.8

This table reports sample specific summary statistics (i.e., cross-sectional means, medians, and standard deviations). The sample period is from July 1, 2002 to June 30, 2014. The All

NAIC Sample holds all NAIC bond trades that pass the initial cleaning (see Subsection 3.2.1). The Downgraded Issuers sample includes all trades in issuers that have experienced

at least one downgrade among their bond issues. The Downgraded Bonds (all) sample includes only trades on bonds that are downgraded from investment-grades (BBB- and above)

to non-investment grades (BB+ and below). The Downgraded Bonds (eligible1) sample only holds trades in downgraded bonds, which pass additional trade screens. The summary

statistics for the downgraded bond samples are calculated separately for the periods before and after the downgrade. #Obs is the number of observations (here, trades). #Bonds is the

number of bonds. Issuance is a bond’s issued amount in $ millions. Maturity is the bond’s time to maturity at issuance (in years). Yield , reported only for fixed coupon bonds, is the

bond’s offering yield in %. The last three statistics are calculated across all bond issues, taking each issue as one observation. The following statistics are calculated across bond issues, taking

each trade as one observation: Rating is a numerical translation of Moody’s ratings: 1=Aaa and 21=C. Bond Age is the time since issuance at the downgrade (in years); or time since

issuance at the trade for the total NAIC sample. Bond Age is the (remaining) time-to-maturity at the downgrade (in years); or time-to-maturity at the trade for the total NAIC sample.

Turnover is the bond’s monthly trading volume as a percentage of its issuance. Trade Size is the average trade size of the bond in $ thousands of face value. #Trades per bond is the

bond’s total number of trades over the sample period. #Trades p.m. (p.d.) is the bond’s total number of trades in a month (day). Sells gives the share of customer sell orders in %.
1 Eligible bonds are those that trade (i) at least once between weeks -20 and -1, (ii) at least once between weeks 0 and +35, and (iii) at least ten times during the sample period (i.e.,

excluding highly illiquid bonds with potentially unreliable prices).
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Table 3.3: CARs of Downgraded Bonds (bond-level)

Above-median Below-median
Weeks All downgraded bonds dealer CDS dealer CDS Difference

(1) H0: ACAR = 0 (2) H0: ACAR = 0 (3) H0: ACAR = 0 H0: (2) - (3) = 0 N

[-19, -15] -0.34 (-0.73) -0.28 (-0.38) -0.39 (-0.68) 0.11 (0.12) 574
[-14, -10] -2.65 (-4.47) -3.56 (-4.60) -1.94 (-2.37) -1.62 (-1.50) 555
[-9, -5] -5.82 (-9.03) -5.56 (-6.44) -6.03 (-7.24) 0.47 (0.42) 570
[-4, -0] -9.60 (-7.60) -11.92 (-5.74) -7.50 (-7.49) -4.42 (-2.13) 646
Week 0 -13.16 (-5.63) -14.85 (-4.92) -11.73 (-5.83) -3.12 (-1.60) 427
[1, 5] -11.94 (-7.12) -13.31 (-6.98) -10.89 (-5.83) -2.41 (-1.39) 707
[6, 10] -10.49 (-6.98) -14.66 (-6.05) -6.92 (-5.59) -7.74 (-3.23) 620
[11, 15] -10.80 (-5.35) -13.85 (-5.16) -8.42 (-4.62) -5.43 (-2.63) 561
[16, 20] -9.29 (-7.00) -12.90 (-7.11) -6.08 (-4.28) -6.83 (-3.53) 500
[21, 25] -8.77 (-7.78) -10.39 (-7.53) -7.40 (-5.33) -2.99 (-1.85) 485
[26, 30] -10.49 (-6.68) -14.16 (-7.04) -7.23 (-3.74) -6.93 (-2.82) 464
[31, 35] -9.62 (-6.51) -12.72 (-6.81) -7.15 (-4.16) -5.57 (-2.69) 421

[-20, -1] -7.47 (-10.79) -9.25 (-7.71) -6.16 (-9.73) -3.09 (-2.49) 1,024
[1, 35] -10.39 (-6.97) -13.38 (-7.31) -8.16 (-5.53) -5.22 (-3.70) 1,043

[-20, 35] -10.45 (-9.30) -12.92 (-6.11) -8.61 (-9.83) -4.31 (-2.01) 1,049

(4) H0: MCAR = 0 (5) H0: MCAR = 0 (6) H0: MCAR = 0 H0: (5) - (6) = 0 N

[-19, -15] -0.76 (-4.62) -0.73 (-3.59) -0.83 (-3.81) 0.10 (0.36) 574
[-14, -10] -1.51 (-6.32) -1.91 (-4.94) -1.35 (-4.93) -0.56 (-1.29) 555
[-9, -5] -3.39 (-8.31) -3.39 (-5.89) -3.37 (-6.75) -0.02 (-0.03) 570
[-4, -0] -5.52 (-8.75) -6.11 (-5.24) -5.06 (-8.54) -1.05 (-0.89) 646
Week 0 -6.92 (-7.75) -9.29 (-6.58) -5.46 (-6.97) -3.83 (-2.77) 427
[1, 5] -6.80 (-10.13) -8.45 (-8.43) -6.00 (-8.41) -2.45 (-2.26) 707
[6, 10] -6.48 (-9.51) -9.15 (-7.01) -5.45 (-7.55) -3.70 (-2.65) 620
[11, 15] -6.60 (-9.39) -7.96 (-6.35) -5.69 (-7.67) -2.27 (-1.75) 561
[16, 20] -7.20 (-9.52) -8.88 (-7.40) -6.00 (-6.89) -2.88 (-2.19) 500
[21, 25] -6.65 (-9.09) -7.55 (-7.14) -5.37 (-5.96) -2.19 (-1.77) 485
[26, 30] -8.02 (-8.19) -11.71 (-8.31) -6.54 (-6.29) -5.17 (-3.16) 464
[31, 35] -7.95 (-7.88) -11.49 (-8.78) -5.47 (-4.88) -6.01 (-3.97) 421

[-20, -1] -3.84 (-10.31) -4.27 (-6.25) -3.65 (-9.58) -0.61 (-0.86) 1,024
[1, 35] -6.45 (-11.23) -8.44 (-7.86) -5.49 (-10.32) -2.95 (-2.77) 1,043

[-20, 35] -6.50 (-11.98) -6.64 (-7.50) -6.45 (-10.53) -0.20 (-0.20) 1,049

This table reports the average (median) cumulative abnormal returns, ACAR (MCAR) in the upper (lower) panel. In columns three and four CAR are grouped by above- and below-median

dealer CDS spreads of the most-active five dealers measured at the bond-level. In squared brackets are 5-week periods before and after the downgrade followed by the full, pre, and post

period. Week 0 is the downgrade announcement from investment to non-investment grade. T-statistics are reported in brackets and the result of testing (i) the null hypothesis that CARs are

equal to zero (i.e., columns two to four) and (ii) the null hypothesis that the CARs per dealer CDS spread group are equal (column five). Standard errors are clustered on the issuer-month

level (and robust to other time horizons or the use of bootstrapped standard errors). For each bond abnormal returns are computed using rating/time-to-maturity matched portfolios and

accumulated over time. CAR for each bond are normalized to zero in week -20. ACARs (MCARs) are measured as across-bond averages (medians) of CARs using simple returns for each

five-week period relative to the event.
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Table 3.4: CARs of Downgraded Bonds (issuer-level)

All Above-median Below-median
Weeks downgraded bonds dealer CDS dealer CDS Difference

(4) H0: ACAR = 0 (5) H0: ACAR = 0 (6) H0: ACAR = 0 H0: (5) - (6) = 0 N

[-19, -15] -0.34 (-0.73) -0.10 (-0.14) -0.54 (-0.93) 0.44 (0.50) 574
[-14, -10] -2.65 (-4.47) -4.13 (-6.05) -1.36 (-1.49) -2.78 (-2.48) 555
[-9, -5] -5.82 (-9.03) -6.57 (-6.44) -5.12 (-6.38) -1.46 (-1.12) 570
[-4, -0] -9.60 (-7.60) -11.48 (-5.27) -7.82 (-7.39) -3.65 (-1.57) 646
Week 0 -13.16 (-5.63) -13.22 (-5.01) -13.12 (-5.18) -0.11 (-0.05) 427
[1, 5] -11.94 (-7.12) -11.10 (-6.25) -12.47 (-5.21) 1.37 (0.48) 707
[6, 10] -10.49 (-6.98) -13.90 (-7.36) -7.49 (-4.57) -6.41 (-3.39) 620
[11, 15] -10.80 (-5.35) -13.28 (-5.39) -8.71 (-3.81) -4.57 (-1.81) 561
[16, 20] -9.29 (-7.00) -12.45 (-6.25) -6.14 (-4.18) -6.31 (-2.68) 500
[21, 25] -8.77 (-7.78) -11.28 (-6.54) -6.49 (-4.59) -4.79 (-2.16) 485
[26, 30] -10.49 (-6.68) -15.49 (-6.47) -6.42 (-3.47) -9.07 (-3.10) 464
[31, 35] -9.62 (-6.51) -12.73 (-5.19) -7.19 (-4.97) -5.54 (-2.09) 421

[-20, -1] -7.47 (-10.79) -9.14 (-6.91) -6.22 (-9.93) -2.92 (-2.03) 1024
[1, 35] -10.39 (-6.97) -13.18 (-7.74) -8.43 (-4.80) -4.76 (-2.65) 1043

[-20, 35] -10.45 (-9.30) -13.66 (-6.07) -8.04 (-9.27) -5.62 (-2.37) 1049

(1) H0: MCAR = 0 (2) H0: MCAR = 0 (3) H0: MCAR = 0 H0: (2) - (3) = 0 N

[-19, -15] -0.76 (-4.62) -0.73 (-3.91) -0.83 (-3.01) 0.10 (0.30) 574
[-14, -10] -1.51 (-6.32) -1.86 (-5.09) -1.27 (-4.24) -0.59 (-1.25) 555
[-9, -5] -3.39 (-8.31) -3.85 (-5.89) -3.05 (-6.23) -0.80 (-0.99) 570
[-4, -0] -5.52 (-8.75) -6.50 (-5.64) -4.77 (-7.63) -1.73 (-1.34) 646
Week 0 -6.92 (-7.75) -6.92 (-4.89) -6.99 (-6.95) 0.07 (0.04) 427
[1, 5] -6.80 (-10.13) -6.62 (-6.46) -7.04 (-8.16) 0.41 (0.31) 707
[6, 10] -6.48 (-9.51) -8.69 (-7.75) -5.36 (-6.64) -3.33 (-2.51) 620
[11, 15] -6.60 (-9.39) -6.81 (-6.43) -6.52 (-7.56) -0.29 (-0.22) 561
[16, 20] -7.20 (-9.52) -8.79 (-6.49) -5.93 (-6.97) -2.87 (-1.82) 500
[21, 25] -6.65 (-9.09) -7.92 (-6.13) -5.37 (-6.33) -2.55 (-1.65) 485
[26, 30] -8.02 (-8.19) -10.34 (-6.72) -6.77 (-5.88) -3.57 (-1.89) 464
[31, 35] -7.95 (-7.88) -9.09 (-5.16) -6.76 (-5.32) -2.33 (-1.09) 421

[-20, -1] -3.84 (-10.31) -4.82 (-6.71) -3.42 (-9.60) -1.40 (-1.78) 1024
[1, 35] -6.45 (-11.23) -7.29 (-6.73) -6.14 (-9.95) -1.15 (-0.96) 1043

[-20, 35] -6.50 (-11.98) -7.19 (-6.64) -6.16 (-10.24) -1.03 (-0.84) 1049

This table reports the average (median) cumulative abnormal returns, ACARs (MCARs) in the upper (lower) panel. In columns three and four CARs are grouped by above- and below-

median dealer CDS spreads of the most-active five dealers measured at the issuer-level. In squared brackets are 5-week periods before and after the downgrade followed by the full, pre, and

post period. Week 0 is the downgrade announcement from investment to non-investment grade. T-statistics are reported in brackets and the result of testing (i) the null hypothesis that

CARs are equal to zero (i.e., columns two to four) and (ii) the null hypothesis that the CARs per dealer CDS spread group are equal (column five). Standard errors are clustered on the

issuer-month level (and robust to other time horizons or the use of bootstrapped standard errors). For each bond abnormal returns are computed using rating/time-to-maturity matched

portfolios and accumulated over time. CARs for each bond are normalized to zero in week -20. ACARs (MCARs) are measured as across-bond averages (medians) of CARs using simple

returns for each five-week period relative to the event.
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Table 3.5: Cross-Sectional Regressions (bond-level)

OLS Median Regressions

[-20, +35] [-20, -1] [0, +35] [-20, +35] [-20, -1] [0, +35]

Log Offering Amount -0.78 -1.59 -0.65 0.27 -0.29 -0.05
(-0.71) (-1.77) (-0.63) (0.38) (-0.42) (-0.08)

Log Bond Age -1.19 -0.09 -0.69 -1.10 0.06 -0.84
(-1.25) (-0.13) (-0.85) (-1.99) (0.10) (-1.71)

Juniority Dummy -9.78 -2.98 -15.87 -4.72 2.98 -8.98
(-1.16) (-0.46) (-2.45) (-1.20) (0.58) (-1.59)

Enhancement Dummy 5.53 2.60 5.12 -0.32 -0.28 0.65
(2.19) (1.42) (2.16) (-0.31) (-0.25) (0.65)

Rating Dispersion 5.33 4.21 1.79 -0.24 0.50 0.07
(3.02) (3.31) (1.75) (-0.26) (0.56) (0.16)

Finance Dummy 0.90 -0.34 2.11 1.38 -0.78 1.25
(0.28) (-0.17) (0.83) (0.68) (-0.33) (0.78)

Finance x Crisis -35.69 -12.21 -35.58 -54.87 -12.49 -48.15
(-4.72) (-2.36) (-5.13) (-7.16) (-1.34) (-6.50)

NAIC Net Volume -8.90 -14.06 10.54 -5.65 -7.47 1.22
(-1.04) (-1.67) (1.68) (-1.10) (-1.34) (0.42)

TRACE Volume -0.19 -0.22 0.41 -0.56 -0.32 0.18
(-0.50) (-0.84) (1.29) (-3.26) (-2.05) (0.65)

TRACE Time Elapsed -0.02 0.00 -0.03 -0.03 0.00 -0.05
(-1.14) (-0.07) (-1.13) (-2.82) (-0.01) (-2.83)

TRACE ID Share -0.05 0.00 -0.09 -0.02 0.01 -0.05
(-1.66) (-0.02) (-1.94) (-2.07) (0.77) (-2.92)

Herfindahl Ratio -1.88 -2.27 -1.10 -0.34 -0.55 -0.43
(-0.94) (-1.82) (-0.81) (-0.29) (-0.64) (-0.83)

LU Market Share 0.19 0.13 0.13 0.01 0.03 0.02
(1.89) (2.43) (2.29) (0.19) (0.76) (1.40)

Dealer CDS Ratio -12.11 -3.35 -3.72 -5.82 -0.30 -1.31
(-3.56) (-1.94) (-1.14) (-3.06) (-0.23) (-1.37)

Constant -11.26 -8.03 -3.98 -4.53 -3.10 0.59
(-14.77) (-10.57) (-4.99) (-2.24) (-1.74) (0.49)

Observations 870 855 882 870 855 882
Adjusted R2 0.37 0.24 0.33 0.32 0.20 0.31
Year FE Yes Yes Yes Yes Yes Yes

This table reports regression coefficients of CARs on bond, trading, and dealer characteristics using OLS and median

regressions. CARs are in % and based on rating/time-to-maturity matched portfolios. The event is defined as the first

downgrade announcement from investment to non-investment grades. The sample period is July 2002 to June 2014. Dealer

characteristics are measured at the bond-level for the most-active 5 dealers. The independent variables are measured up

to the week preceding the event window (see Section 3.4.2): year dummies range from 2003 to 2014 (2002 is omitted). A

bond’s log offering amount is in $ millions. A bond’s log bond age is in years. The juniority dummy flags bonds without

seniority in order of repayment. The enhancement dummy marks bonds with credit enhancements. Rating dispersion is the

difference between the highest and the lowest available credit rating (and 0 in case of only one agency). The finance dummy

flags issuers in the banking/financial industry. The finance-times-crisis interaction flags downgrades of financials during

the 2007-2009 subprime crisis. NAIC Net Volume is the buy minus the sell volume divided by a bond’s issued amount in

$ millions. TRACE Volume is the total trading volume (excluding all NAIC trading volume) scaled by a bond’s issued

amount in $ millions. The variable TRACE Time Elapsed gives the average number of days between consecutive customer-

dealer trades. TRACE ID Share gives the share of inter-dealer trading in total trading volume in %. The Herfindahl Ratio

represents a bond’s annual Herfindahl index scaled by the overall median Herfindahl index in that year. LU (or Lead

Underwriter) Market Share gives the average annual market share in total NAIC trades of a bond’s lead underwriters in

%. Dealer CDS Ratio is the mean of the weekly volume-weighted dealer CDS average of the most-active five dealers scaled

by the median weekly volume-weighted dealer CDS. Standard errors are clustered at the issuer-times-year level and the

respective t-statistics are reported in parentheses.
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Table 3.6: Cross-Sectional Regressions (issuer-level)

OLS Median Regressions

[-20, +35] [-20, -1] [0, +35] [-20, +35] [-20, -1] [0, +35]

Log Offering Amount -0.05 -1.14 0.13 0.49 -0.03 0.15
(-0.04) (-1.24) (0.13) (0.78) (-0.04) (0.27)

Log Bond Age -0.91 -0.12 -0.65 -1.01 0.11 -0.83
(-1.03) (-0.17) (-0.79) (-1.83) (0.20) (-1.53)

Juniority Dummy -10.87 -3.50 -16.72 -5.00 4.08 -9.01
(-1.32) (-0.56) (-2.59) (-1.22) (1.06) (-2.04)

Enhancement Dummy 4.67 2.35 4.57 -0.20 -0.25 0.32
(1.92) (1.35) (1.89) (-0.20) (-0.23) (0.31)

Rating Dispersion 5.37 4.17 1.93 0.14 0.38 0.16
(2.97) (3.30) (1.90) (0.16) (0.45) (0.35)

Finance Dummy 1.79 0.27 2.48 1.47 -0.34 0.74
(0.60) (0.14) (1.02) (0.66) (-0.19) (0.50)

Finance x Crisis -35.81 -11.80 -35.46 -54.81 -13.30 -48.22
(-4.87) (-2.64) (-5.15) (-5.59) (-1.62) (-6.01)

NAIC Net Volume -9.22 -13.43 10.03 -6.74 -9.15 1.03
(-1.09) (-1.67) (1.60) (-1.35) (-1.39) (0.36)

TRACE Volume -0.18 -0.22 0.46 -0.54 -0.30 0.08
(-0.51) (-0.90) (1.41) (-3.20) (-1.87) (0.27)

TRACE Time Elapsed -0.01 0.00 -0.03 -0.03 -0.01 -0.03
(-0.57) (0.01) (-1.44) (-2.25) (-0.16) (-1.85)

TRACE ID Share -0.05 -0.01 -0.08 -0.02 0.01 -0.05
(-1.53) (-0.32) (-1.80) (-1.97) (0.90) (-2.62)

Herfindahl Ratio -0.70 -2.79 1.41 -0.35 -0.22 -0.16
(-0.40) (-1.86) (1.10) (-0.33) (-0.26) (-0.29)

LU Market Share 0.41 0.14 0.15 -0.03 0.07 0.02
(1.47) (0.95) (0.90) (-0.22) (1.02) (0.14)

Dealer CDS Ratio -17.39 -6.90 -10.29 -7.04 -1.96 -2.92
(-4.16) (-2.85) (-3.00) (-2.46) (-1.11) (-1.89)

Constant -11.21 -8.13 -3.94 -3.97 -3.73 0.55
(-15.04) (-11.02) (-4.99) (-1.84) (-2.18) (0.50)

Observations 870 855 882 870 855 882
Adjusted R2 0.38 0.25 0.34 0.33 0.20 0.32
Year FE Yes Yes Yes Yes Yes Yes

This table reports regression coefficients of CARs on bond, trading, and dealer characteristics using OLS and median

regressions. CARs are in % and based on rating/time-to-maturity matched portfolios. The event is defined as the first

downgrade announcement from investment to non-investment grades. The sample period is July 2002 to June 2014. Dealer

characteristics are measured at the issuer-level for the most-active 5 dealers. The independent variables are measured up

to the week preceding the event window (see Section 3.4.2): year dummies range from 2003 to 2014 (2002 is omitted). A

bond’s log offering amount is in $ millions. A bond’s log bond age is in years. The juniority dummy flags bonds without

seniority in order of repayment. The enhancement dummy marks bonds with credit enhancements. Rating dispersion is the

difference between the highest and the lowest available credit rating (and 0 in case of only one agency). The finance dummy

flags issuers in the banking/financial industry. The finance-times-crisis interaction flags downgrades of financials during

the 2007-2009 subprime crisis. NAIC Net Volume is the buy minus the sell volume divided by a bond’s issued amount in

$ millions. TRACE Volume is the total trading volume (excluding all NAIC trading volume) scaled by a bond’s issued

amount in $ millions. The variable TRACE Time Elapsed gives the average number of days between consecutive customer-

dealer trades. TRACE ID Share gives the share of inter-dealer trading in total trading volume in %. The Herfindahl Ratio

represents a bond’s annual Herfindahl index scaled by the overall median Herfindahl index in that year. LU (or Lead

Underwriter) Market Share gives the average annual market share in total NAIC trades of a bond’s lead underwriters in

%. Dealer CDS Ratio is the mean of the weekly volume-weighted dealer CDS average of the most-active five dealers scaled

by the median weekly volume-weighted dealer CDS. Standard errors are clustered at the issuer-times-year level and the

respective t-statistics are reported in parentheses.
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Table 3.7: Accounting for Recent Bond Liquidity (OLS)

[-20, +35]

Issuer-Level Constraints Bond-Level Constraints

All Bonds Hi-Liq Lo-Liq All Bonds Hi-Liq Lo-Liq

Log Offering Amount -1.06 -0.41 -1.11 -1.68 -1.66 -1.64
(-0.84) (-0.20) (-0.69) (-1.33) (-0.79) (-1.06)

Log Bond Age -1.17 -2.01 -0.64 -1.45 -2.41 -0.69
(-1.34) (-0.71) (-0.69) (-1.53) (-0.83) (-0.74)

Juniority Dummy -10.66 -9.95 -7.26 -9.46 -9.11 -7.09
(-1.29) (-0.72) (-1.45) (-1.12) (-0.63) (-1.45)

Enhancement Dummy 4.64 10.13 -1.94 5.53 10.45 -1.31
(1.91) (2.44) (-0.84) (2.19) (2.37) (-0.57)

Rating Dispersion 5.26 8.39 -0.19 5.22 8.75 -0.27
(2.94) (2.91) (-0.18) (3.01) (3.18) (-0.25)

Finance Dummy 1.94 -1.17 6.05 0.99 -2.83 6.07
(0.66) (-0.22) (2.83) (0.31) (-0.49) (2.69)

Finance x Crisis -36.15 -32.61 -44.42 -36.00 -33.23 -44.66
(-4.93) (-3.41) (-5.55) (-4.77) (-3.36) (-5.37)

NAIC Net Volume -8.38 -7.18 -6.45 -8.20 -8.92 -7.79
(-0.98) (-0.51) (-0.73) (-0.95) (-0.66) (-0.88)

TRACE Volume -0.47 -0.62 1.71 -0.44 -0.61 1.51
(-1.20) (-1.36) (1.26) (-1.08) (-1.24) (1.15)

TRACE Time Elapsed -0.01 -0.14 -0.02 -0.01 -0.20 -0.02
(-0.45) (-0.11) (-1.42) (-0.99) (-0.15) (-1.59)

TRACE ID Share -0.06 -0.10 -0.05 -0.06 -0.13 -0.06
(-1.55) (-0.81) (-2.37) (-1.69) (-1.08) (-2.60)

Herfindahl Ratio -0.39 -3.15 0.67 -1.38 -3.46 -1.54
(-0.22) (-0.66) (0.47) (-0.67) (-0.90) (-0.75)

LU Market Share 0.41 0.52 0.05 0.19 0.35 0.06
(1.46) (0.97) (0.23) (1.91) (0.98) (0.76)

Dealer CDS Ratio -17.71 -28.56 -7.40 -12.40 -18.40 -5.55
(-4.20) (-3.95) (-1.54) (-3.63) (-2.90) (-1.79)

Non-Zero Trading Days 0.019 0.017
(1.32) (1.21)

Constant -11.13 -11.73 -11.35 -11.18 -11.87 -11.35
(-14.73) (-1.60) (-9.18) (-14.45) (-1.60) (-9.34)

Observations 870 452 418 870 452 418
Adjusted R2 0.38 0.39 0.44 0.37 0.38 0.44
Year FE Yes Yes Yes Yes Yes Yes

This table holds regression coefficients of CARs on bond, trading, and dealer characteristics using OLS and accounts

for a bond’s non-zero trading days. Bonds above (below) 72 non-zero trading days are liquid (illiquid); subsamples are

formed accordingly. CARs are in % and based on rating/time-to-maturity matched portfolios. The event is the first

downgrade announcement from investment to non-investment grades. The sample period is July 2002 to June 2014. Dealer

characteristics are measured at the bond-level for the most-active 5 dealers. The independent variables are measured up

to the week preceding the event window (see Section 3.4.2): year dummies range from 2003 to 2014 (2002 is omitted). A

bond’s log offering amount is in $ millions. A bond’s log bond age is in years. The juniority dummy flags bonds without

seniority in order of repayment. The enhancement dummy marks bonds with credit enhancements. Rating dispersion is the

difference between the highest and the lowest available credit rating (and 0 in case of only one agency). The finance dummy

flags issuers in the banking/financial industry. The finance-times-crisis interaction flags downgrades of financials during

the 2007-2009 subprime crisis. NAIC Net Volume is the buy minus the sell volume divided by a bond’s issued amount in

$ millions. TRACE Volume is the total trading volume (excluding all NAIC trading volume) scaled by a bond’s issued

amount in $ millions. The variable TRACE Time Elapsed gives the average number of days between consecutive customer-

dealer trades. TRACE ID Share gives the share of inter-dealer trading in total trading volume in %. The Herfindahl Ratio

represents a bond’s annual Herfindahl index scaled by the overall median Herfindahl index in that year. LU (or Lead

Underwriter) Market Share gives the average annual market share in total NAIC trades of a bond’s lead underwriters

in %. Dealer CDS Ratio is the mean of the weekly volume-weighted dealer CDS average of the most-active five dealers

scaled by the median weekly volume-weighted dealer CDS. Standard errors are clustered at the issuer-times-year level.

T-statistics are reported in parentheses.
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Table 3.8: Accounting for Recent Bond Liquidity (Median Regressions)

[-20, +35]

Issuer-Level Constraints Bond-Level Constraints

All Bonds HiLiq LoLiq All Bonds HiLiq LoLiq

Log Offering Amount -0.45 0.82 0.00 -0.84 0.49 0.16
(-0.51) (0.70) (0.00) (-0.87) (0.39) (0.14)

Log Bond Age -1.06 -1.89 -0.48 -1.36 -2.18 -0.16
(-2.11) (-1.49) (-0.73) (-2.60) (-1.67) (-0.23)

Juniority Dummy -4.76 -6.47 -2.58 -3.90 -5.11 -2.64
(-1.36) (-0.61) (-0.73) (-1.07) (-0.83) (-0.78)

Enhancement Dummy -0.40 0.29 -1.28 -0.34 -0.04 0.57
(-0.35) (0.19) (-0.66) (-0.31) (-0.02) (0.32)

Rating Dispersion 0.35 1.71 -1.04 0.06 2.17 -1.04
(0.44) (1.96) (-1.34) (0.07) (2.27) (-1.53)

Finance Dummy 2.18 -0.94 3.68 2.11 -1.99 3.63
(1.26) (-0.34) (2.42) (1.29) (-0.74) (2.36)

Finance x Crisis -57.55 -54.90 -32.07 -57.13 -52.85 -27.13
(-5.64) (-6.93) (-2.90) (-5.61) (-4.38) (-2.26)

NAIC Net Volume -4.35 -3.89 -3.24 -6.38 -1.83 -1.99
(-0.87) (-0.37) (-0.35) (-1.18) (-0.16) (-0.25)

TRACE Volume -0.78 -0.61 0.57 -0.71 -0.57 0.76
(-3.95) (-2.63) (0.60) (-3.54) (-2.00) (0.86)

TRACE Time Elapsed -0.03 0.04 -0.02 -0.03 -0.34 -0.02
(-2.84) (0.05) (-1.83) (-3.14) (-0.47) (-2.11)

TRACE ID Share -0.04 -0.09 -0.03 -0.05 -0.11 -0.03
(-0.62) (-1.03) (-2.39) (-0.78) (-1.54) (-2.55)

Herfindahl Ratio -0.40 -4.65 -0.06 -0.07 -0.17 -0.76
(-0.33) (-2.18) (-0.06) (-0.06) (-0.08) (-0.57)

LU Market Share 0.00 0.18 0.01 0.01 -0.21 0.01
(-0.01) (0.86) (0.06) (0.39) (-1.21) (0.19)

Dealer CDS Ratio -7.58 -12.67 -4.63 -5.45 -8.73 -3.54
(-2.79) (-3.01) (-1.62) (-2.94) (-1.85) (-2.01)

Non-Zero Trading Days 0.018 0.020
(1.55) (1.75)

Constant -4.70 -3.87 -2.91 -4.51 -4.27 -3.88
(-2.19) (-1.17) (-1.29) (-2.23) (-0.91) (-1.66)

Observations 870 452 418 870 452 418
Adjusted R2 0.33 0.32 0.44 0.33 0.31 0.43
Year FE Yes Yes Yes Yes Yes Yes

This table holds regression coefficients of CARs on bond, trading, and dealer characteristics using median regressions
and accounts for a bond’s non-zero trading days. Bonds above (below) 72 non-zero trading days are liquid (illiquid);
subsamples are formed accordingly. CARs are in % and based on rating/time-to-maturity matched portfolios. The event
is the first downgrade announcement from investment to non-investment grades. The sample period is July 2002 to June
2014. Dealer characteristics are measured at the bond-level for the most-active 5 dealers. The independent variables are
measured up to the week preceding the event window (see Section 3.4.2): year dummies range from 2003 to 2014 (2002
is omitted). A bond’s log offering amount is in $ millions. A bond’s log bond age is in years. The juniority dummy flags
bonds without seniority in order of repayment. The enhancement dummy marks bonds with credit enhancements. Rating
dispersion is the difference between the highest and the lowest available credit rating (and 0 in case of only one agency).
The finance dummy flags issuers in the banking/financial industry. The finance-times-crisis interaction flags downgrades
of financials during the 2007-2009 subprime crisis. NAIC Net Volume is the buy minus the sell volume divided by a bond’s
issued amount in $ millions. TRACE Volume is the total trading volume (excluding all NAIC trading volume) scaled
by a bond’s issued amount in $ millions. The variable TRACE Time Elapsed gives the average number of days between
consecutive customer-dealer trades. TRACE ID Share gives the share of inter-dealer trading in total trading volume in
%. The Herfindahl Ratio represents a bond’s annual Herfindahl index scaled by the overall median Herfindahl index in
that year. LU (or Lead Underwriter) Market Share gives the average annual market share in total NAIC trades of a
bond’s lead underwriters in %. Dealer CDS Ratio is the mean of the weekly volume-weighted dealer CDS average of the
most-active five dealers scaled by the median weekly volume-weighted dealer CDS. Standard errors are clustered at the
issuer-times-year level. T-statistics are reported in parentheses.
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Table 3.9: Accounting for Insurer Constraints

[-20, +35]

OLS Median Regressions

Issuer-Level Bond-Level Issuer-Level Bond-Level

Log Offering Amount 0.46 0.29 0.46 0.31 1.14 0.70 0.11 0.28
(0.50) (0.30) (0.45) (0.30) (0.84) (0.48) (0.08) (0.20)

Log Bond Age -4.08 -4.19 -4.15 -4.26 -2.92 -2.68 -2.62 -3.11
(-3.98) (-4.08) (-4.09) (-4.05) (-2.20) (-1.76) (-2.34) (-2.72)

Enhancement Dummy -3.51 -2.59 -3.09 -2.51 -7.33 -6.55 -6.28 -7.09
(-1.41) (-0.87) (-1.22) (-0.84) (-1.87) (-1.44) (-1.31) (-1.55)

Rating Dispersion -3.76 -3.75 -3.67 -3.60 -2.44 -3.26 -2.84 -3.36
(-3.57) (-3.23) (-3.28) (-2.94) (-1.85) (-1.45) (-1.99) (-2.12)

Finance Dummy 9.47 8.82 8.71 8.19 4.19 5.59 4.57 3.97
(3.12) (2.73) (2.83) (2.53) (0.82) (0.80) (0.89) (0.77)

NAIC Net Volume -11.12 -12.51 -7.63 -9.02 -1.63 -6.33 -0.38 -10.31
(-0.86) (-0.98) (-0.59) (-0.70) (-0.14) (-0.36) (-0.03) (-0.62)

TRACE Volume -0.33 -0.38 -0.34 -0.38 -0.49 -0.40 -0.39 -0.34
(-1.21) (-1.35) (-1.17) (-1.30) (-2.02) (-1.34) (-1.63) (-1.41)

TRACE Time Elapsed -0.09 -0.07 -0.07 -0.06 -0.05 -0.07 -0.11 -0.10
(-1.02) (-0.87) (-0.99) (-0.82) (-0.30) (-0.41) (-0.54) (-0.48)

TRACE ID Share -0.04 -0.04 -0.06 -0.06 -0.02 -0.01 -0.02 -0.02
(-2.16) (-1.90) (-2.38) (-2.23) (-1.03) (-0.89) (-1.09) (-1.07)

Herfindahl Ratio 0.65 0.71 1.43 1.54 2.13 2.13 2.47 1.91
(0.34) (0.36) (0.66) (0.68) (0.96) (0.84) (1.03) (0.70)

LU Market Share 0.08 0.10 -0.02 -0.01 -0.17 -0.15 -0.05 -0.07
(0.44) (0.51) (-0.30) (-0.26) (-0.65) (-0.50) (-0.87) (-1.11)

Dealer CDS Ratio -12.42 -13.55 -6.33 -6.54 -7.00 -8.67 -2.26 -3.54
(-2.15) (-2.32) (-1.66) (-1.72) (-0.83) (-0.88) (-0.37) (-0.61)

All Insurer Holdings -0.05 -0.04 -0.01 0.01
(-1.22) (-0.86) (-0.13) (0.16)

Property Holdings 0.30 0.25 0.15 0.20
(1.12) (0.94) (0.40) (0.61)

RBC Ratio 2.63 -1.10 8.25 2.68
(0.21) (-0.09) (0.59) (0.26)

Constant -8.82 -8.81 -9.00 -8.99 -6.10 -8.22 -6.48 -5.67
(-9.00) (-8.60) (-8.67) (-8.39) (-1.75) (-1.65) (-1.57) (-1.35)

Observations 234 234 234 234 234 234 234 234
Adjusted R2 0.23 0.23 0.22 0.21 0.24 0.25 0.21 0.21
Year FE Yes Yes Yes Yes Yes Yes Yes Yes

This table holds regression coefficients of CARs on bond, trading, and dealer characteristics using median regressions
and accounts for insurer constraints. All Insurer Holdings (Property Holdings) capture the entire (property) insurance
industry’s holding in a bond in % a quarter before the downgrade. RBC Ratio is the average NAIC risk-based capital
ratio of all insurers holding a bond. Higher RBC ratios represent better capitalization; ratios below 2.0 trigger supervisory
interventions. CARs are in % and based on rating/time-to-maturity matched portfolios. The event is the first downgrade
announcement from investment to non-investment grades. The sample period is July 2002 to June 2014. Dealer character-
istics are measured at the bond-level for the most-active 5 dealers. The independent variables are measured up to the week
preceding the event window (see Section 3.4.2): year dummies range from 2003 to 2014 (2002 is omitted). A bond’s log
offering amount is in $ millions. A bond’s log bond age is in years. The juniority dummy flags bonds without seniority in
order of repayment. The enhancement dummy marks bonds with credit enhancements. Rating dispersion is the difference
between the highest and the lowest available credit rating (and 0 in case of only one agency). The finance dummy flags
issuers in the banking/financial industry. The finance-times-crisis interaction flags downgrades of financials during the
2007-2009 subprime crisis. NAIC Net Volume is the buy minus the sell volume divided by a bond’s issued amount in
$ millions. TRACE Volume is the total trading volume (excluding all NAIC trading volume) scaled by a bond’s issued
amount in $ millions. The variable TRACE Time Elapsed gives the average number of days between consecutive customer-
dealer trades. TRACE ID Share gives the share of inter-dealer trading in total trading volume in %. The Herfindahl Ratio
represents a bond’s annual Herfindahl index scaled by the overall median Herfindahl index in that year. LU (or Lead
Underwriter) Market Share gives the average annual market share in total NAIC trades of a bond’s lead underwriters
in %. Dealer CDS Ratio is the mean of the weekly volume-weighted dealer CDS average of the most-active five dealers
scaled by the median weekly volume-weighted dealer CDS. Standard errors are clustered at the issuer-times-year level.
T-statistics are reported in parentheses.
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Appendix: Robustness of Return Patterns

Appendix 3.A Appendix: Robustness of Return Patterns
Figure 3.5: Ellul et al. (2011) approach - CARs around Downgrade (bond-level)

Note: Dealer CDS spreads are measured at the bond-level.
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Figure 3.5: The upper (lower) panel holds average (median) cumulative abnormal returns, ACARs (MCARs), of down-

graded bonds. CARs are computed using the market model approach of Ellul et al. (2011). Event week is on the X-axis

and week 0 is the downgrade announcement week. CARs are grouped by above-median (constrained) and below-median

(unconstrained) weekly volume-weighted dealer CDS spreads of the most-active five dealers measured at the bond-level.
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Figure 3.6: Market-return model - CARs around Downgrade (bond-level)

Note: Dealer CDS spreads are measured at the bond-level.
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Figure 3.6: The upper (lower) panel holds average (median) cumulative abnormal returns, ACARs (MCARs), of down-

graded bonds. CARs are computed using a simple market-return model . Event week is on the X-axis and week 0 is the

downgrade announcement week. CARs are grouped by above-median (constrained) and below-median (unconstrained)

weekly volume-weighted dealer CDS spreads of the most-active five dealers measured at the bond-level.
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Figure 3.7: Rating/time-to-maturity matching - CARs around Downgrade
(bond-level)

Note: Dealer CDS spreads are measured at the bond-level.
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Figure 3.7: The upper (lower) panel holds average (median) cumulative abnormal returns, ACARs (MCARs), of down-

graded bonds. CARs are based on rating/time-to-maturity matched portfolios. Event week is on the X-axis and week

0 is the downgrade announcement week. CARs are grouped by above-median (constrained) and below-median (uncon-

strained) weekly volume-weighted dealer CDS spreads of the most-active five dealers measured at the bond-level.
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Chapter 4

Post-Trade Disclosure and its

Impact on Dealer Liquidity

Provision

Abstract

This paper analyzes the effects of post-trade disclosure on a dealer’s trading strategy

in a two-period dealership market. In period one a dealer executes a customer-dealer

trade and in period two she offsets this position in inter-dealer trading. Trading

with the customer allows the dealer to learn information conveyed in the order

size. Without disclosure the dealer plays a pure strategy. However, with disclosure

she adopts a mixed strategy that hides her information by randomizing the first-

period trade with an endogenous noise component. The mixed strategy balances

immediate profits from market-making in period one, against the reduction in future

profits from speculating after disclosure in period two. Post-trade transparency

lowers dealer profits and raises the customer’s marginal costs of trading. Still, the

dealer’s noise component improves risk sharing of the customer’s endowment shock.

While customer welfare is improved with post-trade disclosure if both the customer

and the dealer obtain signals with high and sufficiently close precision, no regime

universally dominates.
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4.1. Introduction

U.S. corporate bond markets are organized over-the-counter (OTC) and generally
considered to be less transparent - pre-trade and post-trade - than exchange-based mar-
kets. In fact, up until the introduction of the Financial Industry Regulatory Authority’s
(FINRA) Trade Reporting and Compliance Engine (TRACE) database in July 2002
there had been no public record of corporate bond transactions (e.g., the price and
the volume of trades). Ever since this regulatory initiative, post-trade transparency has
increased but often over the objections of corporate bond dealers.

Nowadays, FINRA members report relevant trade characteristics within 15 minutes
of a trade. However, not all characteristics are publicly disseminated. As a result, regu-
lators and practitioners recurrently address whether prevailing disclosure requirements
should be further extended. For instance, opinions differ sharply on whether FINRA
should maintain or modify its dissemination caps. Current dissemination protocols still
include trade size caps where the actual size (volume) of transactions over a certain par
value is not disclosed to the public.73 An argument brought up against greater public
disclosure is that it complicates subsequent trading and thus reduces liquidity in the first
place. Opponents are particularly concerned for the anonymity of their trading strate-
gies and holdings. Limited post-trade transparency, so the claim, shields dealers against
competition on information contained in their order flows. In this paper I examine this
objection and ask: how does post-trade disclosure impact liquidity provision if a dealer
is willing to disguise and thereby preserve the information contained in her order flow?

In this paper I model a dealership market that accommodates a dealer who first
engages in customer-dealer trading and subsequently offsets her position by trading in
an inter-dealer market. This setting builds on the assumption that the customer’s trade
must go through a middleman. In doing so, I place special emphasis on a dealer’s role as
liquidity provider and her ability to learn in order to benefit from information conveyed in
the customer’s order size. This assumption is consistent with trading patterns commonly
observed in U.S. corporate bond markets where trading is largely decentralized and
corporate bond dealers retain a pivotal presence. Acting as middlemen, dealers facilitate
the buying and selling between investors for whom it is otherwise very costly to search,
find, and directly trade with each other (Duffie et al. (2005)). The idea that the dealer
can re-trade in the inter-dealer market is compatible with a network character often
observed in OTC markets that has dealers organized in core-periphery networks where
trades are passed along the periphery to the centre or core of the network (Neklyudov

73Specifically, for transactions in investment grade (non-investment-grade) corporate bonds transactions
above $5 million ($1 million) in par-value are only disseminated as “5MM+” (“1MM+”). Actual volumes
are not made available until 6 months after the transaction.
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and Sambalaibat (2015)).74 It entails that positions can be acquired and afterward passed
along to other dealers instead of building up inventories.

Given the above, trading takes place as follows: In period one, a risk-averse customer
trades with a risk-neutral, arbitrarily chosen dealer. The customer’s trade is motivated by
private information and by liquidity needs. Trading with the customer allows the dealer
to learn information conveyed in the customer’s order size. As the customer trades for
dual motives, the dealer cannot perfectly discern the payoff-relevant information. Still,
this inference becomes the dealer’s motive for trade throughout the trading game. In
period two, the dealer alongside a group of liquidity (noise) traders turns to a core
dealer for second-period inter-dealer trading. In doing so, the dealer seeks to offset the
acquired position and speculate on her information advantage. The trading protocol in
period one is modeled after Liu and Wang (2016), which can be shown to be equivalent
to a Nash bargaining game between the customer and the dealer where the dealer has
all the bargaining power. The trading protocol in period two follows a Kyle (1985)-type
framework. Within this context, the paper examines how full disclosure of the first-period
customer-dealer trade impacts the dealer’s dynamic trading strategy and further analyzes
how common indicators of market quality as well as dealer profits, traders’ transaction
costs, and customer welfare are affected.

I find that without post-trade disclosure the dealer adopts a pure strategy and fully
profits off the information that she is able to infer from the customer’s order size. Follow-
ing the customer-dealer trade, she exploits her unrestrained information advantage as she
offsets the customer order with another dealer. At least a part of her ability to act without
concern for information leakage is passed on to the customer who benefits from higher
dealer liquidity provision and lower marginal costs of trading. On the other hand, with
post-trade disclosure the dealer plays a mixed strategy by randomizing her trade in pe-
riod one. In particular, she hides her information-based trading by endogenously adding
noise into first-period demand. The particular strategy specification follows Huddart,
Hughes, and Levine (2001). My mixed strategy equilibrium only exists within specific
bounds on the volume of noise trading in period two and for particular signal preci-
sions of the dealer’s inferred information. In comparison to the dealer’s unconstrained
behavior without post-trade disclosure, the mixed strategy is costly since it causes the
dealer, at times, to trade in a manner that goes against the inferred information. As a
consequence, the dealer makes lower expected profits within each period compared to
the nondisclosure regime. From the customer’s perspective disclosure leads to a reduc-

74Neklyudov and Sambalaibat (2015) show that endogenous dealer specialization with respect to client’s
liquidity needs may lead to the formation of a core-periphery network structure. Within this structure
central dealers engage in more frequent trading and have a larger client base (also by intermediating
for other dealers).
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tion in non-random dealer liquidity provision and higher marginal costs of trading. At
the same time, the dealer’s noise component improves risk sharing of the customer’s en-
dowment shock, which unconditionally improves customer welfare for specific parameter
combinations. In particular, this is the case if the customer and the dealer obtain signals
with sufficiently close and high precision. Whenever the signal precision is low or differs
by too much the customer is better off without post-trade disclosure. Hence, the wel-
fare comparison for the customer is ambiguous as neither disclosure regime universally
dominates. Similarly, trade disclosure does not generally imply lower expected trading
costs for noise traders. The latter only benefit from lower expected costs of trading if the
dealer infers a precise signal.

In its current version this paper covers the two extreme cases of no and full post-trade
disclosure. An intermediate case with noisy post-trade disclosure (e.g., when trading is
subject to TRACE dissemination caps) is not yet included in the analysis. Given the
above findings, however, I expect that the dealer’s trading strategy with noisy disclosure
will depend on a switching point. At this point the dealer replaces the pure strategy with
the mixed strategy equilibrium. This switch will depend on the noisiness of the post-trade
signal, where high (low) levels of noise support the adoption of a pure (mixed) strategy.
This guess has not been substantiated formally but builds on the findings in Yang and
Zhu (2017) who point out equilibrium switching in a related problem where an insider
faces competition on his information advantage from a “back-runner”.

At a technical level, this paper is closest to that of Huddart et al. (2001) who extend
the well-known Kyle (1985) framework with an insider that is forced to publicly disclose
the quantity after each period. In this setting only a mixed strategy equilibrium prevails,
for otherwise the market maker would infer the informed trader’s private signal, prevent-
ing any further trading profits for the insider. What sets my paper apart from Huddart
et al. (2001) is that I adapt their equilibrium concept to a trading game in which the
insider (or here the dealer) is a market maker in the first and a speculating insider in
the second period. Consequently, the dealer is in the position to trade twice whereas all
other traders only trade once. This is a distinction to standard repeated games involving
the same players over several periods.

This paper is close to Naik, Neuberger, and Viswanathan (1999) for its focus on post-
trade disclosure in a dealership market. They also study a two-period model in which
a customer-dealer trade in the period one is followed by inter-dealer trading between
competitive and risk-averse dealers. Naik et al. (1999) show that greater post-trade
transparency improves dealers’ ability to share risks as it reduces adverse selection in the
inter-dealer market. At the same time, more transparency also reduces information rents
for the intermediating dealer, which leads to higher costs of trading for the customer.
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Consequently, Naik et al. (1999) conclude that neither the regime with full disclosure
nor the regime without disclosure dominates. My model differs from Naik et al. (1999)
in at least two important aspects: First, in my model risk-aversion has no role in resale
between dealers. Hence, while their results are driven by different kinds of optimal risk-
sharing (i.e., quantity risk versus price revision risk), mine are driven by an information-
driven rationale and varying amounts of information revelation. Second, in my model
the dealer cannot tell apart the customer’s information based trading motive from her
risk-sharing trading motive. In Naik et al. (1999) the intermediating dealer is able to do
so perfectly. Without this assumption the authors conclude that greater transparency
is unambiguously welfare-improving for the customer. Thus, even though both papers
conclude that neither disclosure regime universally dominates, we do so for very different
reasons.

This paper relates and complements the larger theoretical literature on the effects
of transparency in financial markets. Madhavan (1995) demonstrates that the absence
of price disclosure in a fragmented market with multiple dealers benefits large traders
who place temporally correlated orders as well as dealers who, as a consequence, face
reduced competition. In a subsequent paper Madhavan (1996) examines the effect of dis-
closing order flow composition and shows that the size of the market determines whether
more transparency actually improves market quality. Comparing various auction systems,
Pagano and Röell (1996) find that greater transparency generally lowers average transac-
tion costs for uninformed traders. This is because transparency ameliorates the adverse
selection problem and enables market makers to quote fairer price through improved
price discovery. In contrast, this paper finds that no disclosure regime is universally su-
perior but that more often than not greater transparency improves customer welfare.
Importantly, while a reduction in adverse selection costs is the driver behind a reduc-
tion in total transaction costs for noise traders, the improvement in customer welfare is
first and foremost the result of improved yet unintended risk-sharing of the customer’s
endowment shock.

Lyons (1996) models a multiple-dealer market in which there is both customer-dealer
and inter-dealer trading over two periods. The paper’s focus is on the value of disclosing
the inter-dealer trades to the customers for whom the disclosed trades contains informa-
tion that determines their risk-sharing in second-period trading. Lyons (1996) finds that
dealers prefer an incomplete transparency regime: with noisy order flow interim prices
do not reveal all order-flow information, which maintains the incentive for customer
risk-sharing.

Among recent papers, Bhattacharya (2016) models OTC bond trading by means of
a multi-period auction design that has dealers competing for a customer order before
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re-selling it through subsequent inter-dealer auctions. He finds that post-trade trans-
parency may lead (some) dealers to withhold from the initial customer-dealer auction in
order to monitor and learn from disclosed transaction prices before participating in sub-
sequent inter-dealer auctions. This leads to less competition and lower liquidity for the
customer order and can increase the execution risks in customer-dealer trading. Study-
ing a related problem, Dworczak et al. (2015) examine the impact of pre-trade price
transparency through the disclosure of benchmarks (e.g. LIBOR). In their search-based
model, public benchmarks can raise social surplus by reducing information asymmetries
between investors and dealers, and by improving the matching efficiency, consequently
reducing search costs.

There exists experimental evidence by Bloomfield and O’Hara (1999) documenting
that trade disclosure can reduce dealers’ incentives to compete and thus pay for order
flow. The latter increases bid-ask spreads and benefits dealers at the expense of traders.
Related to their finding I show that competition on the dealer’s information advantage
after trade disclosure reduces liquidity provision in customer-dealer trading.

Finally, several papers study the effect of increased transparency in corporate bond
trading following the phased introduction of TRACE from an empirical perspective. For
instance, Bessembinder et al. (2006) report a reduction in transaction costs following the
early introduction of TRACE. Goldstein et al. (2007) find a similar decline in transac-
tion costs only in actively traded bonds, but find no evidence when bonds are traded
infrequently or in case of very large trades. Edwards et al. (2007) show that depending
on trade size, increased transparency can lower transaction costs. Asquith et al. (2013)
find that transparency decreases trading volume for high-yield bonds and reduces price
dispersion for all bonds.

The remainder of the paper is organized as follows: Section 4.2 sets up the two-stage
model, lays out the differences between the considered post-trade transparency regimes,
and defines the equilibrium concept. Section 4.3 derives and characterizes the equilibria
for the different transparency regimes (i.e., no and full post-trade disclosure). Section
4.4 holds a comparative analysis of market quality, dealer profits, and customer welfare.
Section 4.5 concludes. All proofs of the paper can be found in the Appendix 4.A.

4.2. Model

4.2.1. General Features of the Model

The basic structure of this model of a dealership market is as follows. Consider a
two-period exchange economy with trading in periods t = 1 and t = 2 in a single risky
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asset whose liquidation value at the end of period two is given by v ∼ N (p0,Σ0) where
p0 ∈ R and Σ0 > 0.

Trading in the first period involves customer and a dealer.75 The customer is active
only in period one. The dealer also trades in the subsequent period where she offsets
the customer-dealer trade that she acquired in period one. The customer is the only
informed trader in the economy and assumed to receive an exogenous private signal
about the liquidation value at the start of period one. It is given by

sc = v − p0 + ε (4.2.1)

where ε ∼ N (0, σ2
ε ) and ε is independent of all other random variables. The noise term

controls the information quality of sc where large σε lead to less accurate information
about v. On top of the signal, the customer is subject to a random endowment (or
inventory) in the risky asset, Ic, where Ic ∼ N (0, σ2

I ). This endowment shock adds a
non-information based trading motive to her demand. Only the customer observes the
exact realizations of sc and Ic. Consequently, the rest of the market cannot disentangle
the customer’s trading motives, which prevents that the customer?s private information
is fully revealed. The customer’s profits from buying qc,1 units of the risky asset at price
p1 is given by Wc,1 = qc,1 (v − p1) + I1v. With constant absolute risk aversion (CARA)
utility, a risk aversion coefficient A > 0, and normally distributed random variables she
chooses the optimal qc,1 that maximizes

E [Wc,1|sc, Ic, p1]− 1

2
AVar [Wc,1|sc, Ic, p1]

= qc,1 (E [v|sc, Ic, p1]− p1) + Ic E [v|sc, Ic, p1]− 1

2
A (qc,1 + I1)2 Var [v|sc, Ic, p1]

(4.2.2)

after observing the dealer’s posted price schedule (or, equivalently, the inverse of the
dealer’s demand schedule for that matter) and taking the price, p1, as a given.

The dealer is risk-neutral and chooses the demand schedule qw,1(p1) by maximizing
her final wealth. In doing so, she takes into account the customer’s best response function
and future (expected) profits, πw,2. Facing the customer’s demand, the dealer can either
choose the price, p1, or choose how much to trade, qw,1. With a single monopolist market
maker, these two approaches are equivalent because given a price, the amount traded is

75To differentiate traders I use the following notation: the customer is abbreviated with a (c); the dealer
who “wins” and intermediates the customer order is abbreviated with a (w); noise traders are captured
with (u); and the core dealer making the market in period two is abbreviated with (m).
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uniquely determined by the customer’s residual supply curve through market clearing,
and vice versa. To be consistent with the dealer’s choice variable in period two, the dealer
therefore optimizes the following objective function with respect to qw,1

E [qw,1 (v − p1) | p1] + E [π2 | p1] . (4.2.3)

Dealing with the customer allows the dealer to learn partially about the liquidation
value of the risky asset. I denote the signal that she infers by sw (for the inference see
Subsection 4.2.2 where I show that observing p1 is Informationally equivalent to sw).
This informational advantage is also her trading motive for resale in period two.

First-period customer-dealer trading can be understood as a Stackelberg game be-
tween a monopolist dealer and the customer. The dealer moves first by posting a price
schedule (i.e., the inverse of her demand schedule) that takes the customer’s best response
function to the schedule into account. Upon this, the customer trades optimally taking
the posted price schedule as given. This is akin to a rational expectations equilibrium
(REE) with imperfect competition as in Kyle (1989).76

Different from Kyle (1989) I assume that the (risk-neutral) dealer takes her price
impact into account, while the customer does not. This price dependence of the dealer’s
demand schedule vis-à-vis the customer’s order is reminiscent of the bargaining feature
in less liquid, imperfectly competitive markets. Using this assumption, I follow Liu and
Wang (2016) who extend the Stackelberg trading protocol to a setting in which the dealer
is a market maker in two markets at the same time. Liu and Wang (2016) show that
the assumption is equivalent to a Nash bargaining game between the customer and the
dealer where the dealer has all the bargaining power.77

After trading in period one and before trading in period two the customer-dealer
transaction may be subject to post-trade disclosure. The available public information
depends on the respective post-trade transparency regime: In the first regime (called no
disclosure regime), there is no public disclosure of the first-period trade. In the second
regime (called full disclosure regime), the dealer’s first-period trade, qw,1, is publicly

76In Case 1 of Lemma 5.1 in Kyle (1989) the author considers the special case that has a monopolist (here,
the dealer) maximizing against a linear residual supply schedule. He finds that the unique solution has
the monopolist “announcing either a demand or a price schedule (before the residual supply schedule is
observed)” upon which the remaining traders (here, the customer) choose quantities. This sequencing
resembles the Stackelberg game.

77Commonly, dealers do not deal at quoted prices, but negotiate terms privately presenting customers
with take-it-or-leave-it offers. For their pre- and post-trade opacity and given the small number of
dealers specializing in particular bonds, over-the-counter markets have been argued to be imperfectly
competitive (e.g., Duffie (2012a); O’Hara et al. (2016)). For fear of information leakage a customer’s
bargaining position may be further reduced if she is unwilling to negotiate with multiple dealers (e.g.,
see Seppi (1990)).
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disclosed before period two. The regime with no public disclosure is informationally
equivalent to a scenario in which the inter-dealer transactions takes place before the
customer-dealer trade has been reported and disclosed to the markets. On the other hand,
the regime with public disclosure is informationally equivalent to a situation where the
first-period trade is reported and fully disclosed to the market before a second consecutive
trade takes place. With public disclosure of qw,1 the public can, in principle, infer the
same information as the dealer. To disguise her information advantage following post-
trade disclosure, the dealer is incentivized to randomize her first-period trade.

Trading in the second period involves three traders: the dealer, a group of liquidity
(noise) traders, and the core dealer who makes the market in period two and sets prices
competitively. Second-period trading follows a Kyle (1985)-type framework in which the
dealer and the liquidity traders submit market orders. This aggregate trade combining the
dealer’s speculative trade and the noise traders’ liquidity trades is therefore qualitatively
similar to the customer’s first-period trade. That is, the noise traders’ exogenously-
generated net demand in period two is distributed u2 ∼ N (0, σ2

u) with σu > 0. And, the
dealer maximizes her final wealth where the objective function is given by

max
qw,2

E [qw,2 (v − p2) | p1, qw,1, z1] . (4.2.4)

The core dealer observes only the aggregate order flow, ym,2 = qw,1 + u2. She then sets
the second-period price, p2, competitively and equal to the posterior expectation of v
given ym,2 and all public information available after post-trade disclosure. Hence,

p2 = E [v | ym,2] or p2 = E [E [v | ym,2] | qw,1] (4.2.5)

depending on the post-trade transparency regime.

Throughout the entire trading game the random variables v, ε, Ic, z1, and u2 are
mutually independent and the random variables’ joint distribution is assumed to be
common knowledge. Lastly, the assumptions that the customer is a price taker and both
dealers are risk-neutral as well as the decision not to explicitly model the noise traders’
demands have been made for traceability of the model and the equilibria. The timeline
of the model is in Figure 4.1.

Insert Figure 4.1
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4.2.2. Signal inference during customer-dealer trading

The customer maximizes equation (4.2.2) while taking the price, p1, as a given. Be-
ing the only informed trader the first-period price p1 does not provide any further in-
formation about v over and above her signal sc.78 That is, E [v|sc, Ic, p1] = E [v|sc] and
Var [v|sc, Ic, p1] = Var [v|sc].

Given the first-period price p1, the customer’s optimal demand is given by

qc,1 =
E [v|sc]− AVar [v|sc] Ic − p1

AVar [v|sc]
, (4.2.6)

which, for AVar [v|sc] > 0, satisfies the SOC given by −AVar [v|sc] < 0. Equation (4.2.6)
specifies a quantity to be bought (sold, if negative) for any given price, p1. Equation
(4.2.6) can be re-arranged to highlight the customer’s trading motives:

qc,1 =
E [v|sc]− p1

AVar [v|sc]
− Ic . (4.2.7)

The first term reflects the customer’s speculative motive driven by the private signal ac-
cording to which she buys (sells) if her estimate of the liquidation value is higher (lower)
than the price. The second term represents a risk-sharing motive, which has her, being
strictly risk-averse and a price taker, hedging the total endowment shock, Ic.

Using model primitives, (4.2.6) may be re-written as

qc,1 =
p0 + θc (sc − AIcσ2

ε )− p1

Aθcσ2
ε

(4.2.8)

where the conditional expectation, E [v|sc], has been replaced with

E [v|sc] = p0 +

(
Σ0

Σ0 + σ2
ε

)
sc (4.2.9)

= p0 + θc sc (4.2.10)

where θc = Σ0

Σ0+σ2
ε
, the OLS regression coefficient of the liquidation value on the private

signal, serves as the weight that the customer puts on sc. By definition, θc lies between
0 and 1 and decreases in the signal noise, σε. That is, for σε →∞ we have θc → 0 while

78To see this notice that, for one, the customer exactly knows {sc, Ic}, and, for another, the (equilibrium)
price p1(sc, Ic) is a linear function in sc and Ic of which Ic is uncorrelated with the risky asset v. Hence,
the information that is relevant for her conditional moments is only {sc}. Observing p1 is still useful
fro the customer as it allows her to infer the exact amount of noise added to the dealer’s demand (and
price p1(sc, Ic, z1)) in case of full post-trade disclosure.
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for σε → 0 we have θc → 1. Similarly, the customer’s conditional variance is given by

Var [v|sc] = Σ0(1− θc) = θcσ
2
ε (4.2.11)

Equation (4.2.11) highlights that the conditional variance reduces to the (prior) uncon-
ditional variance as σε →∞.

As in a standard REE with asymmetric information, although the dealer cannot
observe the customer’s private signals, she can extract information from observing the
market price. Starting from the market clearing condition

qw,1 + qc,1 = 0 (4.2.12)

and substituting qc,1 for the customer’s best-response given in (4.2.8) one can solve
equation (4.2.12) for p1. This gives the linear residual supply curve

p1 = p0 + θc
(
sc − AIcσ2

ε

)
+ Aθcσ

2
ε qw,1 , (4.2.13)

which the dealer faces and optimizes against. Equation (4.2.13) is increasing in qw,1 with
a constant slope, Aθcσ2

ε , for every additional unit of the risky asset demanded. The
residual supply curve’s intercept, p0 + θc (sc − AIcσ2

ε ), reflects the customer’s marginal
evaluation of the risky asset (or reservation price). It is random in sc and Ic and carries
all information.79 This composite signal sw, defined as

sw ≡ sc − Aσ2
ε Ic , (4.2.14)

can be understood as a noisy version of the customer’s private information, where its noise
is due to the endowment shock Ic. For the dealer, conditioning on the price p1 is therefore
informationally equivalent to conditioning on {sw}. That is, in period one the dealer
maximizes her (expected) wealth with E [v|p1] = E [v|sw] and Var [v|p1] = Var [v|sw],
which follow

E [v|sw] = p0 +

(
Σ0

Σ0 + σ2
ε + A2σ2

Iσ
4
ε

)
sw (4.2.15)

= p0 + θwsw (4.2.16)

79Start with p0 + θc sw+Aθcσ
2
ε qw,1 and subtract and multiply with the known constants p0, Aθcσ2

ε qw,1,
and 1/θc to arrive at sw.
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and

Var [v|sw] = Σ0 −
Σ2

0

Σ0 + σ2
ε + A2σ2

Iσ
4
ε

(4.2.17)

= Σ0 (1− θw) (4.2.18)

where θw = Σ0

Σ0+σ2
ε+A2σ2

Iσ
4
ε
is the OLS regression coefficient of the liquidation value on the

dealer’s inferred signal, sw. The signal weight decreases in the accuracy of the customer’s
private signal, σε, as well as the volatility of the endowment shock, σI . Consequently, sw
is noisier than sc whenever σI > 0, which translates into 0 < θw < θc < 1.

For later reference, in particular with regard to Proposition 2, let me distinguish the
following two cases of dealer signal precision:

Definition 1 (dealer signal precision): The customer receives a precise private signal
with θc > 0.5 if Σ0 > σ2

ε . She receives an imprecise private signal with θc < 0.5 if Σ0 < σ2
ε .

The dealer infers a precise signal whenever the customer obtains a precise signal and
the following condition holds

A2σ2
Iσ

4
ε < Σ0 − σ2

ε .

Then, 0.5 < θw < θc.

The dealer infers an imprecise signal whenever (i) the customer obtains a precise signal
but the following condition holds

A2σ2
Iσ

4
ε > Σ0 − σ2

ε .

Then, θw < 0.5 < θc. Or, (ii) whenever the customer obtains an imprecise signal. Then,
θw < θc < 0.5.

4.2.3. Equilibrium Definition

An equilibrium of the trading game is given by prices and agents’ strategy profiles

(
q∗c,1(sc, Ic, p1), q∗w,1(p1), q∗w,2(sw, qw,1), p∗1(sc, Ic, z1), p∗2(qw,1, ym,2)

)
such that:

1. Profit maximization:
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- Given q∗c,1, q∗w,1(p1) solves the dealer’s first-period problem where her informa-
tion set is Iw,1 = {p1} where p1 is the residual supply curve she faces

qw,1(p1) ∈ argmax E
[
qw,1 (v − p1) + q∗w,2 (v − p∗2) | Iw,1

]
.

- Given p∗1 (i.e., the inverse of q∗w,1(p1)), q∗c,1 solves the customer’s problem where
her information set is Ic,1 = {sc, Ic, p∗1}

q∗c,1 ∈ argmax E [qc,1 (v − p∗1) + vIc | Ic,1]− 1

2
A (qc,1 + Ic)

2 Var [v | Ic,1] .

- For her information set Iw,2 = {p1, q
∗
w,1, z1}, q∗w,2 solves the dealer’s second-

period problem

q∗w,2(sw, qw,1) ∈ argmax E [qw,2 (v − p2) | Iw,2] .

2. Excess demand is zero at the equilibrium prices:

- Market clearing is implicitly enforced in the dealer’s first-period problem
where p∗1 is the price that equates q∗w,1(p∗1) + q∗c,1 = 0.

- The core dealer sets p∗2 competitively according to p∗2 = E [E [v | ym,2] | qw,1]

and given the information set Im,2 = {qw,1, ym,2} and then takes the position
−(q∗w,2(sw, qw,1) + u2) to clear the market.

3. Consistent Beliefs:

- For every realization of the signals sc, Ic, and qw,1(sw, z1) the beliefs of all
agents are consistent with the joint conditional probability distribution.

Given the above definition, let me turn to the conjectures. The strategy profiles meet
the requirements of a linear equilibrium if the customer’s best-response function follows
(4.2.8) and if there exist the following constants:

(β1, β2, α2, γ1, λ2) ∈ R5 and σz ≥ 0 ,

such that in case of no post-trade disclosure conjectures are given by

qw,1 = β1sw , (4.2.19)

qw,2 = β2sw , (4.2.20)

p2 = p0 + λ2ym,2 with ym,2 = qw,2 + u2 ; (4.2.21)
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and such that in case of full post-trade disclosure conjectures are given by

qw,1 = β1sw + z1 with z1 ∼ N
(
0, σ2

z

)
and z1 ⊥ {v, sc, Ic, u2} , (4.2.22)

qw,2 = β2 (sw − α2qw,1) , (4.2.23)

p2 = p0 + γ1qw,1 + λ2ym,2 with ym,2 = qw,2 + u2 . (4.2.24)

The customer’s demand (4.2.8) is linear in sc and Ic and a consequence of her CARA
utility, normally distributed random variables, and the fact that she takes prices as given.

The dealer’s demands (4.2.19), (4.2.20), (4.2.22), and (4.2.23) capture that she trades
on the inferred signal sw. The difference between (4.2.19) and (4.2.22) highlights the
dealer’s switch from a pure to a mixed strategy following post-trade disclosure: Without
disclosure the dealer’s demand in (4.2.19) follows the pure strategy β1sw. With disclosure,
on the other hand, equation (4.2.23) consist of the information-based demand, β1sw,
as well as a random noise component, z1.80 By randomizing her first-period demand
the dealer disguises her information vis-à-vis the market. This particular form follows
Huddart et al. (2001) where analogous to their specification I restricted the attention to
a normally distributed z1 in order to maintain traceability.81

The difference between (4.2.20) and (4.2.23) takes into account that the public can
condition on qw,1 following post-trade disclosure: The dealer’s second-period demand in
(4.2.20) is solely driven by the inferred signal sw. With disclosure her demand (4.2.23)
is linear in two terms: The first term, β2sw, is identical to (4.2.20). The second term,
β2α2qw,1, says that the dealer can adjusts her second-period demand by accounting for
the disclosed public information. To that end, α2 captures the dealer’s ability to adjusts
her second-period demand to the advantage of knowing the realization of z1.

The pricing equations (4.2.21) and (4.2.24) state that the second-period price is equal
to the expected value of v given all public information and adjusted by the information
carried by the second-period order flow, ym,2. Clearly, without post-trade disclosure the
core dealer only conditions on ym,2.

4.3. Equilibria

The equilibria of the trading game with and without post-trade disclosure are derived
using backward induction. In Subsection 4.3.1 I determine the traders’ strategies in the

80Any predictable pattern (e.g., by selecting on “favorable” realizations of z1) could be detected and
exploited. In fact, with any sign of predictability in z1 the public would never belief that the dealer is
indeed adding pure noise to her demand.

81In a mixed strategy the dealer mixes between all linear strategies with realized noise z1. The normality
of this noise term determines the probability weighting among these linear strategies.
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case of no post-trade disclosure (i.e., the pure strategy equilibrium). Then, in Subsection
4.3.2 I analyze the impact of post-trade disclosure on trader’s strategies (i.e., the mixed
strategy equilibrium).

4.3.1. No post-trade disclosure regime

In what follows I confirm that without post-trade disclosure trading strategies and
pricing rules indeed follow equations (4.2.8) and (4.2.19) to (4.2.21) to (4.2.21).

Dealer’s second-period problem: In period two the dealer has observed the first-
period market price, p1, and has thus inferred sw. Given the optimal customer-dealer
trade, qw,1, the dealer chooses qw,2 to maximize her final wealth. The objective function
is given by

max
qw,2

E [qw,2 (v − p2) | sw] . (4.3.1)

Without post-trade transparency the core dealer sets prices competitively conditioning
only on the order flow ym,2. Then, the dealer’s conjecture for p2 therefore follows

p2 = p0 + λ2ym,2 with ym,2 = qw,2 + u2 . (4.3.2)

Substituting equation (4.3.2) into (4.3.1) gives

max
qw,2

E [qw,2 (v − p0 − λ2 (qw,2 + u2)) | sw] . (4.3.3)

The first-order with respect to qw,2 is then given by

qw,2 =

(
1

2λ2

)
θw sw . (4.3.4)

Equation (4.3.4) is optimal whenever

−2λ2 ≤ 0 , (4.3.5)
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which is the case for λ2 > 0 and true in equilibrium. The demand in equation (4.3.4) ver-
ifies the conjectured trading strategy in (4.2.21) that qw,2 = β2sw in case of no post-trade
disclosure. Equation (4.3.4) implies that the dealer’s second-period trading intensity is
given by

β2 =
θw
2λ2

(4.3.6)

=
Σ0

2λ2 (Σ0 + σ2
ε + A2σ2

Iσ
4
ε )
> 0 . (4.3.7)

Core dealer’s second-period problem: The core dealer observes ym,2 and with
Bayesian updating sets prices competitively according to the pricing rule p2 = E [v | ym,2].
Then,

p2 = E [v] +

(
Cov [v, ym,2]

Var [ym,2]

)
(ym,2 − E [ym,2]) (4.3.8)

= p0 +

(
β2Σ0

β2
2 (Σ0 + σ2

εA
2σ2

Iσ
4
ε ) + σ2

u

)
ym,2 (4.3.9)

such that λ2 is given by

λ2 =
β2Σ0

β2
2 (Σ0 + σ2

εA
2σ2

Iσ
4
ε ) + σ2

u

. (4.3.10)

Clearly, since there is no public disclosure the second-period price function does not in-
volve the disclosed quantity qw,1 and thus verifies the conjecture that p2 = p0 + λ2ym,2

given in (4.2.21).

Customer’s first-period problem: The customer’s objective function is given by
(4.2.2) to which the optimal solution is given by equation (4.2.8). The SOC is satis-
fied as long as Aθcσ2

ε > 0, which holds by definition.

Dealer’s first-period problem: In period one the dealer chooses the quantity qw,1 that
maximizes her final wealth. At this point in time the dealer’s objective function involves
the expected second-period profits. To determine the latter I inserting (4.3.7) and (4.3.9)
into E [π2 | sw] = E [qw,2(v − p2) | sw] and arrive at

E [π2 | sw] =
1

4λ2

(θwsw)2 . (4.3.11)
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Note that in case of no disclosure equation (4.3.11) is a function of sw but not qw,1.
Hence, the dealer’s choice of qw,1 is not affected by inter-temporal considerations. Then,
with (4.3.11) the dealer optimizes the following first-period objective function

max
qw,1

E
[
qw,1 (v − p1) +

1

4λ2

(θwsw)2 | sw
]

(4.3.12)

where for p1 I insert the linear residual supply curve, p1 = q−1
c,1 (qw,1), given in equation

(4.2.13). Inserting equation (4.2.13) into the first-period objective function (4.3.12) and
optimizing with respect to qw,1 gives

qw,1 =

(
θw − θc

2AΣ0 (1− θc)

)
sw

= β1sw (4.3.13)

such that β1 is given by

β1 =
θw − θc

2AΣ0 (1− θc)
< 0 . (4.3.14)

For β1 < 0 the dealer is trading against the signal and in the opposite direction of the
customer whereby she makes her a market. Then, the positive second-period trading
intensity, β2 > 0, as found in equation (4.3.7) highlights that subsequent to the first-
period customer-dealer order the dealer reverses the direction of her trading, which leads
to negatively correlated trading patterns as is the case in regular inventory models.

Equation (4.3.13) is optimal if the following SOC is satisfied

0 > −2AΣ0 (1− θc) , (4.3.15)

which is given by assumption.

The pure strategy equilibrium without disclosure is jointly characterized by equations
(4.3.7), (4.3.10), and (4.3.14) as well as the dealer’s second-period SOC, which depends
on the sign of λ2 (all other SOCs hold by definition of the primitives). These conditions
jointly define a system of equations that determines the two unknowns, λ∗2 and β∗2 . Ex-
pressing β∗1 exclusively in model primitives and having shown that β∗1 < 0 we still seek
values λ∗2 > 0 and β∗2 > 0 to confirm that the proposed linear strategies indeed constitute
a stable equilibrium. The following proposition formally characterizes the equilibrium.
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Proposition 1 (pure strategy equilibrium without post-trade disclosure): The
unique linear pure strategy equilibrium is specified by equations (4.2.8) and (4.2.19) to
(4.2.21) and for the following constants,

β∗1 = −
(

Aσ2
Iσ

2
ε

2 (Σ0 + σ2
ε + A2σ2

Iσ
4
ε )

)
=

(
θw − θc

2AΣ0 (1− θc)

)
< 0 , (4.3.16)

as well as

β∗2 =

(
σu√

Σ0 + σ2
ε + A2σ2

Iσ
4
ε

)
=

(√
θw σu√

Σ0

)
> 0 , (4.3.17)

and

λ∗2 =

(
1

2

√
Σ2

0

σ2
u (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )

)
=

(√
Σ0

√
θw

2σu

)
> 0 . (4.3.18)

Proof: See Appendix 4.A.1.

For the following comparative statics I condition on whether or not the dealer infers
a precise (i.e., θw remains above 0.5) or an imprecise signal (i.e., θw remains below 0.5):
For σε → 0 the negative constant β∗1 increases if the dealer infers a precise signal, while it
decreases if the dealer infers an imprecise signal (as long as Σ0 < A2σ2

Iσ
4
ε ). In contrast, as

σI → 0 the negative constant β∗1 increases independent of dealer signal precision. Hence,
the dealer only increases her trading intensity if both θw and θc increase, conditional on
both having signal weights below 0.5. In case only θw improves relative to θc she is not
willing to take on a larger customer orders. This implies that the dealer only trades for
improvements in σε and thus the customer’s private information about v, but not for
improvements in σI .

The solution parameters β∗2 and λ∗2 represent the standard solution in a one-period
Kyle (1985) framework with a noisy signal. Both constants increase as σε → 0 or σI → 0

suggesting a higher second-period trading intensity for the dealer and less market depth
provided by the core dealer (i.e., 1

λ∗2
). This is because with increasing signal precision the

adverse selection problem becomes more severe. Lastly, as the volume of noise trading,
σu, increases the dealer becomes more aggressive and market depth, 1

λ∗2
, increases.

4.3.2. Full post-trade disclosure

In a post-trade transparent economy the first-period trade qw,1 will be publicly dis-
closed before trading in period two. In case the dealer keeps playing the pure first-period
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strategy qw,1 = β1sw the core dealer will be able to perfectly infer sw since

qw,1
β1

= sw .

Accordingly, the core dealer will choose p2 = p0 + θwsw and set λ2 = 0. This implies
that the dealer’s second-period profits will reduce to zero. Anticipating this, she has an
incentive to deviate from the pure strategy. Any such defection induces mispricing in the
second period to the extent that with λ2 = 0 market depth is infinite and the dealer’s
second-period profits are unbounded (at the expense of the noise traders). Hence, with
full post-trade disclosure a pure trading strategy is not an equilibrium anymore.

To avoid full revelation and ensure an equilibrium, the dealer can deviate to strategy
that camouflages her information-based trading in period one. This can be achieved by
playing a mixed strategy as proposed in Huddart et al. (2001), which is given by

qw,1 = β1sw + z1

where z1 ∼ N (0, σ2
z) with σz > 0 is a random noise component that allows the dealer to

disguise her information sw vis-à-vis the market.

With post-trade disclosure and the conjecture that qw,1 = β1sw + z1 Bayesian updat-
ing yields the following posterior on v:

Lemma 1 (price intercept with disclosure): Using the Projection Theorem

E [v | qw,1] = p0 + γ1 qw,1 (4.3.19)

and

Var [v | qw,1] = Σ0(1− β1γ1) (4.3.20)

where

γ1 =
β1Σ0

β2
1 (Σ0 + σ2

ε + A2σ2
Iσ

4
ε ) + σ2

z

. (4.3.21)

Proof: See Appendix 4.A.2.
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Lemma 1 confirms the intercept of the price conjecture in (4.2.24). Here, γ1 is the OLS
regression coefficient and thus signal weight on the disclosed statistic qw,1. In compari-
son to θc and θw, the constant γ1 depends on the dealer’s first-period trading intensity,
β1. This is because the public takes into account the dealer’s willingness or intensity to
make the market in period one. For β1 < 0, the constant γ1 will be negative too reversing
the trade direction of the dealer’s trade. That is, the price intercept decreases after a
customer sell-order (where qw,1 > 0) but increases after a customer buy-order (where
qw,1 < 0).

Dealer’s second-period problem: Following the disclosure of qw,1, the dealer con-
jectures that the core dealer updates her beliefs conditional on two signals: first, the
post-trade statistics qw,1, and, second, the observed order flow ym,2 = qw,2 + u2. These
two signals imply the following price conjecture:

p2 = p0 + γ1qw,1 + λ2ym,2 . (4.3.22)

Before trading in period two the dealer’s information set contains {p1, qw,1, z1} which is
informationally equivalent to {sw, z1}. Substituting equation (4.3.22) into the objective
function

max
qw,2

E [qw,2 (v − p2) | sw, z1] (4.3.23)

and maximizing with respect to qw,2 gives

qw,2 =

(
θw
2λ2

)(
sw −

(
γ1

θw

)
qw,1

)
. (4.3.24)

This implies that

β2 =
θw
2λ2

and α2 =
γ1

θw
, (4.3.25)

which verifies the conjectured strategy specification in (4.2.23) with full post-trade dis-
closure. The constant β2 captures how aggressively the dealer trades on sw and for λ2 > 0

it is positive, β2 > 0. The constant α =
(
γ1

θw

)
< 0 is negative if γ1 < 0, which is the

case if β1 < 0 (as will be the case in equilibrium). Then, −α2qw,1 increases the dealer’s
second-period demand following a customer sell-order (where qw,1 > 0) and decreases it
following a customer buy-order (where qw,1 < 0).

Core dealer’s second-period problem: Before the core dealer enters trading in period
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two, she updates her beliefs using the publicly disclosed first-period trade, qw,1. Then,
once she receives the aggregate order flow, ym,2, she sets prices competitively according
to the pricing rule

p2 = E [ E [v | ym,2] | qw,1]

= E [v | qw,1] +

(
Cov [v, ym,2 | qw,1]

Var [ym,2 | qw,1]

)
(ym,2 − E [ym,2 | qw,1]) . (4.3.26)

The above reads that while determining E [v | ym,2] the core dealer can already condition
on the public information qw,1 = β1sw + z1. Notice that the price function’s intercept,
E [v | qw,1] = po+γ1qw,1, has been determined in Lemma 1 already. Hence, in the following
Lemma I determine the slope coefficient of price function.

Lemma 2 (price slope with disclosure): Using the Projection Theorem

p2 = p0 + θmqw,1 + λ2ym,2 (4.3.27)

where

λ2 =
2λ2σ

2
z + β2

1σ
2
ε (1 + A2σ2

Iσ
2
ε ) Σ2

0

σ2
zΣ

2
0 + 4λ2

2σ
2
u (Σ0 + σ2

ε + A2σ2
Iσ

4
ε ) (σ2

z + β2
1 (Σ0 + σ2

ε + A2σ2
Iσ

4
ε ))

(4.3.28)

and γ1 has been defined in Lemma 1.

Proof: See Appendix 4.A.2.

Customer’s first-period problem: Post-trade disclosure affects the dealer’s demand
schedule as it will now depend on on z1. This feeds back into the customer’s demand
through its impact on the first-period price p1. Specifically, z1 affects the customer’s
fixed costs of trading with the dealer since it manifests in the price intercept. Since
the customer knows {sc, Ic} she can perfectly infer z1 when observing the price, which
eliminates the price risk that it creates. Since the customer is still a price taker, her
problem, as laid out in Subsection 4.2.2, does not change such that she is maximizing
equation (4.2.2) to which the optimal solution is now given by

qc,1 =
p0 + θc (sc − AIcσ2

ε )− p1(sw, z1)

Aθcσ2
ε

. (4.3.29)

This is optimal if Aθcσ2
ε > 0, which holds by definition.

Notice that from the customer’s perspective z1 should be understood as a liquidity
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shock to the dealer and not as disguise. As pointed out in equation (4.2.7) the customer
trades with the signal and against her endowment shock. On the other hand, for β1 < 0

the dealer trades against her inferred signal and with the realization of z1 (i.e., z1 enters
qw,1 with a positive sign). Consequently, realization of z1 that take the same sign as the
customer’s inventory, Ic, support the customer’s need for risk-sharing.

Dealer’s first-period problem: Using the dealer’s optimal second period demand
given in equation (4.3.24) together with the second-period price function the dealer’s
expected profits in period two follow

E [π2 = qw,2(v − p2) | sw] =
θw
4λ2

(
sw −

(
γ1

θw

)
qw,1

)2

. (4.3.30)

In comparison to the no disclosure regime the second-period profits now depend on
qw,1. Hence, when choosing the optimal first-period demand, qw,1, the dealer is aware of
its inter-temporal impact on future expected profits. This allows the dealer to balance
immediate profits in period one against the reduction in future profits due to information
leakage.

Given (4.3.30), the first-period objective function follows

max
qw,1

E

[
qw,1 (v − p1) +

θw
4λ2

(
sw −

θm
θw
qw,1

)2

| sw

]
. (4.3.31)

Substituting the residual supply curve, p1 = q−1
c,1 (qw,1), given in (4.2.13) for p1 and max-

imizing with respect to qw,1 yields the following first-order condition82

0 = qw,1

(
γ2

1

2λ2

− 2Aθcσ
2
ε

)
+ sw

(
θw

(
1− γ1

2λ2

)
− θc

)
. (4.3.32)

The SOC is given by83

γ2
1

2λ2

− 2Aθcσ
2
ε ≤ 0 (4.3.33)

The FOC is an implicit function in z1 since qw,1(sw, z1). If the proposed mixed trading
strategy, β1sw + z1, is to hold in equilibrium one needs to force it upon the dealer by
making her indifferent to any realization of the noise component, z1. That is, the FOC

82Interchanging qw,1 for β1sw + ẑ1 where ẑ1 fixes a specific realization of z1 and then maximizing with
respect to β1 yields the same conditions (4.3.34) required for indifference toward realizations of z1.

83Indifference for all values of qw,1 implies that qw,1 is flat at any point so that the SOC is always zero
(i.e., there is no room for a saddle point). Then, whenever indifference is achieved the SOC holds (in
particular by the first equation in (4.3.34)).
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(4.3.32) needs to hold and be equal to zero across all values of z1. Technically, I solve
for this equilibrium by finding the set of constants β∗1 , σ∗z , and λ∗2 that support an
equilibrium in which the dealer’s FOC is equal to zero across all values of qw,1. This
indifference implies that the following two conditions must jointly hold

γ2
1

2λ2

− 2Aθcσ
2
ε = 0 and θw

(
1− γ1

2λ2

)
− θc = 0 (4.3.34)

The equations in (4.3.34)84 can be re-written in terms of λ2.

λ2 =
γ2

1

4Aθcσ2
ε

and λ2 =
γ1θw

2 (θw − θc)
(4.3.35)

Together with the λ2 specified in equation (4.3.28) and since γ1(β1, σz) is primarily a
function in β1 and σz this gives a system of three equations in three unknowns β1, σz,
and λ2 that will be solved for the equilibrium (see Appendix 4.A.3).

The mixed strategy equilibrium in an economy with post-trade disclosure is jointly
characterized by equations (4.3.21), (4.3.25), (4.3.28), and (4.3.35) and the dealer’s
second-period SOC, which depends on the sign of λ2 (all other SOCs are either im-
plied or hold by definition of primitives). These conditions jointly define a system of
equations that determines three unknowns, β1, σz, and λ2. Having shown that γ∗1 < 0,
β∗2 > 0, and α∗2 < 0 at this point we seek values β∗1 < 0, σ∗z > 0, λ∗2 > 0 to confirm
that the proposed mixed strategies indeed constitutes a stable equilibrium. The follow-
ing proposition formally characterizes a linear mixed strategy equilibrium.

Proposition 2 (mixed strategy equilibrium with post-trade disclosure): We
have three cases:85

1. Assume that the dealer has a precise signal (i.e., θw > 0.5 see Definition 1), then
if σu is within the bounds

σ
¯
ps < σu < σ̄ps (4.3.36)

there exists a unique linear mixed strategy equilibrium.

2.a Assume that the dealer has an imprecise signal when the customer has a precise

84The identities in (4.3.34) closely resemble equations (2.4) in Huddart et al. (2001), which read(
γ2
1

2λ2
− 2λ1

)
= 0 and

(
1− γ1

2λ2

)
= 0 where λ1 = Aθcσ

2
ε using my notation.

85To distinguish the bounds on σu I use subscripts ps (precise signal) and is (imprecise signal).
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signal (i.e., θw < 0.5 < θc see Definition 1), or 2.b assume that the dealer and the
customer have imprecise signals (i.e., θw < θc < 0.5 see Definition 1), then if σu
is within the bounds

σ
¯
is < σu < σ̄is (4.3.37)

there exists a unique linear mixed strategy equilibrium.

For cases (1.), (2.a), and (2.b) the mixed strategy equilibrium is specified by equations
(4.2.8) and (4.2.19) to (4.2.21) with σ∗z > 0, and the constants

β∗1 =
A6σ8

Iσ
12
ε − 4σ2

u (Σ0 + σ2
ε )

2
(Σ0 + σ2

ε + A2σ2
Iσ

4
ε )

2A5σ6
Iσ

10
ε ((Σ0 − σ2

ε ) + A2σ2
Iσ

4
ε )

< 0 (4.3.38)

λ∗2 =
Σ0 (Σ0 + σ2

ε )

A3σ4
Iσ

6
ε

> 0 (4.3.39)

γ∗1 = − 2Σ0

Aσ2
Iσ

2
ε

< 0 (4.3.40)

β∗2 =
A3σ4

Iσ
6
ε

2 (Σ0 + σ2
ε ) (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )
> 0 (4.3.41)

α∗2 = −2 (Σ0 + σ2
ε + A2σ2

Iσ
4
ε )

Aσ2
Iσ

2
ε

< 0 (4.3.42)

Proof: See Appendix 4.A.3.

The full expressions for the bounds σ
¯
ps and σ̄ps as well as σ

¯
is and σ̄is can be found

in Appendix 4.A.3. Notice that the same model primitives, specifically σε and σI , imply
different values for the equilibrium solutions. This is most obvious in the bounds on σu.
While they have identical analytical solutions their numerical values depend on whether
the dealer infers a precise or imprecise signal relative to the customer. From the dealer’s
perspective, case (1.) is mutually exclusive from cases (2.a) and (2.b). As far as the
dealer is concerned, distinguishing case (1.) from a subsumed case (2.) is enough. The
distinction into subcases (2.a) and (2.b) only matters for the customer and will be picked
up in Subsection 4.4.4.

The bounds on σu support positive solutions to σ∗z , which through β∗1 is a function
in σu. The full expression for σ∗z > 0 can be found in Appendix 4.A.3. For too low
and too high values of σu the equilibrium parameter σ∗z will not be positive. Within the
specified bounds, however, a mixed strategy equilibrium exists. This strategy determines
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the optimal information revelation in qw,1 and thereby balances profits from market-
making in period one against the reduction in future profits from speculating in period
two. In this context, noise traders are a source of profit to the dealer. Trading against
them is more profitable if there is little information leakage. For too large a disparity in
attainable profits (i.e., too little or too much noise trading) the dealer has an incentive
to deviate from the mixed strategy.

The form of σ∗z expresses the dealer’s concern for information leakage. It is set in a
way that hides the information-based component vis-à-vis the public. Squaring σ∗z gives

(σ∗z)
2 = −β2

1Var [sw] +
1

2
|β1|Aσ2

Iσ
2
ε .

Then, the (unconditional) variance of qw,1 follows

Var [qw,1] = β2
1Var [sw] + Var [z1] =

1

2
|β1|Aσ2

Iσ
2
ε .

That is, σ∗z cancels out β2
1Var [sw] emphasizing that z1 serves as a disguise once qw,1(sw, z1)

has been disclosed. Moreover, the remainder 1
2
|β1|Aσ2

Iσ
2
ε can be expressed as:

Cov
[
β1sw,

1

2
Ic

]
=

1

2
|β1|Aσ2

Iσ
2
ε

where 1
2
Ic is the portion of the customer’s inventory the dealer would take on in a model

without any private information. Hence, a scenario where there is nothing to learn from
disclosure.

Notice that only β∗1 and σ∗z but not λ∗2 depend on σu. This is in contrast to the Kyle
(1985)-type solution in Subsection 4.3.1 in which higher levels of σu increase second-
period liquidity. An explanation for this result goes as follows: the dealer only engages
with the customer, to start the intermediation chain that results in inter-dealer trading,
if she expects to make a profit, partially at the expense of noise traders. The indifference
conditions (4.3.34) that ensure this expected profit also enforce a positive λ∗2 that is
consistent with beliefs and yields zero expected profits for the core dealer. Then, for the
latter the volume of σu becomes irrelevant.

The amount of information revelation through qw,1 is affected by changes in σu: In
case (1.) as σu → σ̄ps the constant β∗1 increases and becomes less negative. At the same
time, σ∗z is increasing (decreasing) for high (low) levels of σu. Hence, if the dealer has a
precise signal, higher volumes of noise trading reduce the dealer’s trading intensity |β∗1 |
and raise σ∗z . Clearly, this limits information revelation of sw and preserves future profits
from trading against noise traders. On the other hand, in case (2.) the direction of the
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above effects reverse. Given an imprecise dealer signal, higher levels of σu increase |β∗1 |
and lower σ∗z . Overall, this behavior trades off first-period profits against the reduction
in second-period profits following disclosure (vice versa).

Changes in signal precision have similar effects: In case (1.) as σε → 0 or σI → 0 the
dealer lowers her trading intensity in period one. This is consistent with an increased
concern for information leakage as more precise signals worsen the adverse selection
problem in period two. In case (2.) the dealer’s concerns for information leakage are lower.
As signal precision increases her trading intensity in period one increases accordingly.

Lastly, comparing the dealer’s trading intensities across periods reveals the following:
in case (1.) and sufficiently high levels of noise trading the dealer’s (absolute) first-period
trading intensity is smaller than her second-period trading intensity, |β∗1 |< β∗2 . Hence,
the dealer trades more aggressively during inter-dealer trading. In case (2.) this is always
the case. Clearly, the lower first than second period trading intensity is consistent with
the absence of a concern for information leakage in the last period and its impact on
future expected profits.

4.4. Analyzing the impact of disclosure

The same model primitives imply different values for the equilibrium solutions de-
pending on whether the dealer must disclose her trade or not. The following subsections
examine the impact of disclosure on market quality, traders’ profits and transaction costs,
as well as customer expected utility across the two disclosure regimes. To distinguish the
two regimes, I add the letter ’n’ to equilibrium constants of the no disclosure regime and
the letter ’d’ to equilibrium constants of the full disclosure regime. Moreover, since the
entire analysis focuses on equilibrium solutions I drop the asterix ’∗’ in the superscripts.

4.4.1. Liquidity provision

In what follows I compare the available market liquidity per period from the perspec-
tive of the customer in period one and the dealer in period two.

In period one, the dealer takes the role of a market maker and in doing so sets the
marginal costs of trading. The first-period price functions are given by

pn1 = p0 + λn1 qc,1 and pd1 = p0 + γd0z1 + λd1 qc,1 (4.4.1)

where λn1 > 0, γd0 > 0, and λd1 > 0 for which the derivation can be found in Appendix
4.A.4.

In equations (4.4.1) the parameters λn1 and λd1 capture the customer’s price impact or
marginal costs of trading for each additional unit of demand qc,1. A comparative analysis
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highlights that λn1 is only decreasing as σε → 0 if the dealer inferred an imprecise signal
(i.e., (case (2.)) where θw remains below 0.5).86 Similarly, λd1 is only decreasing as σε → 0

or σI → 0 if the dealer inferred an imprecise signal. Otherwise, that is, for precise dealer
signals (i.e., (case (1.)) where θw remains above 0.5), both λn1 and λd1 are increasing as
σε → 0 or σI → 0. This suggests that the dealer is only willing to lower the customer’s
marginal costs of trading and thus provide more liquidity if this improves her imprecise
signal.

Furthermore, notice that λn1 without disclosure is not a function of σu, while λd1 de-
pends on it. In fact, λd1 is increasing in σu if the dealer inferred a precise signal (case
(1.)), and decreasing in σu if the dealer inferred an imprecise signal (case (2.)). Hence,
the customer faces higher (lower) costs of trading for a precise (imprecise) dealer signals
as the volume of noise trading in period two increases.

Comparing the levels of λn1 and λd1 across regimes leads to Proposition 3a:

Proposition 3.a (first-period market liquidity): Independent of the dealer’s signal
precision first-period market liquidity is lower with disclosure

λd1 > λn1

such that the customer faces higher marginal costs of trading with post-trade transparency.

Proof: See Appendix 4.A.4.

The above result is derived from the ordering

βd1 > βn1 or |βd1 |< |βn1 | ,

which holds independent of dealer signal precision. It suggests that with disclosure the
dealer trades less aggressively on the inferred information sw, which leads to lower non-
random liquidity provision to the customer.

Proposition 3.a goes against the results in Huddart et al. (2001), who find that
first-period marginal costs of trading are strictly lower with public disclosure. In their
repeated game between an insider and the market-marker the latter rationally conjectures
that some of the insider’s first-period trade is randomly generated, which renders overall
trading less informative and motivates lower λd1. In contrast, my insider (here, the dealer)

86For this a sufficiently high level of customer risk aversion is required too (i.e., A >
√
2
√

Σ0+σ2
ε

σ2
Iσ

4
ε
).
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takes the role of the market maker in period one where the costly concealment of her
information advantage motivates higher marginal costs of trading for the customer.

Notably, with disclosure first-period liquidity provision also depends on the dealer’s
random demand component, z1, which has an impact on the customer’s fixed trading
costs. Since γd0 in equation (4.4.1) is positive the price intercept increases (decreases) for
positive (negative) z1. From the customer’s point of view, favorable realizations of z1 are
those that cancel out the impact of λd1 qc,1 on the price. This is the case if z1 has the
opposite sign of the customer’s trade (e.g., z1 < 0 for a customer buy order for which
qc,1 > 0 and vice versa). Since a customer buy order (sell order) is more likely for a large
negative (positive) endowment shock, realizations of z1 that have the same sign as Ic can
improve risk-sharing and reduce the customer’s overall trading costs.

In period two, the core dealer makes the market and in doing so sets marginal costs
of trading. Now, the dealer together with the noise traders face the upward sloping price
function. Comparing liquidity levels λn2 and λd2 leads to the following proposition:

Proposition 3.b (second-period market liquidity): For precise dealer signals (i.e.,
case (1.) with θw > 0.5) second-period market liquidity is higher with disclosure

λd2 < λn2

such that the dealer faces lower marginal costs of trading with post-trade transparency.

On the other hand, for imprecise dealer signals (i.e., case (2.) with θw < 0.5) second-
period market liquidity is lower with disclosure

λd2 > λn2

such that the dealer encounters higher marginal costs of trading with post-trade trans-
parency.

Proof: See Appendix 4.A.4.

Mathematically, the impact of σu is driving the results in Proposition 3.b. The value
of λn2 depends and decreases in σu, while λd2 is not a function in σu. As a consequence,
only sufficiently low volumes of noise trading support λn2 > λd2. These low volumes of
noise trading overlap with the bounds on σu in case (1.) for precise dealer signals, which
translates into lower second-period marginal costs with disclosure. For imprecise dealer
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signals as in case (2.) one needs high volumes of noise trading, which reverse the ordering
such that we have λn2 < λd2.

Proposition 3.b suggests the following: Without disclosure the core dealer only fixes
marginal costs of trading, λn2 . These are higher for precise dealer signals as the adverse
selection problem is more severe. With disclosure, the core dealer sets fixed and marginal
costs of trading, γd1 and λd2. For a precise dealer signal, the disclosed trade qw,1 contains
accurate information, which improves price discovery, leads to a more reliable price ad-
justment via γd1 , and lowers the adverse selection problem. As a consequence, the dealer
faces comparably lower marginal costs of trading, λd2 < λn2 . For an imprecise dealer sig-
nal, the disclosed trade qw,1 contains less accurate information. Now, price discovery is
reduced, which leads to a less reliable price adjustment via γd1 . Here, post-trade disclo-
sure does little to reduce the adverse selection problem of the core dealer. Consequently,
she sets higher marginal costs of trading, λd2 > λn2 .

Corollary 1 (lower overall marginal costs of trading with imprecise dealer

signals): In case of imprecise dealer signals (i.e., θw < 0.5) post-trade transparency
increase marginal costs of trading

λd1 > λn1 and λd2 > λn2

in each period.

Disclosure with an imprecise dealer signal increasing overall marginal costs of trading
in two ways: First, the adoption of the mixed strategy is costly to the dealer, which leads
to higher marginal costs of trading for the customer. Second, with an imprecise dealer
signal the disclosure of qw,1 does little to reduce the adverse selection problem of core
dealer before trading in period two. As a consequence, she sets higher marginal costs of
trading for the dealer.

4.4.2. Noise traders’ expected costs

In this subsection I analyze noise traders’ (unconditional) expected transaction costs
in period two. Using the equilibrium strategies as specified in Proposition 1, without
post-trade disclosure these costs are given by

−E [u2 (pn2 − v)] = −λn2σ2
u (4.4.2)

= − Σ0σu

2
√

Σ0 + σ2
ε + A2σ2

Iσ
4
ε

. (4.4.3)
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That is, the lower the marginal costs of trading, λn2 , the lower the trading costs. Moreover,
since λn2 is decreasing in σu higher volumes of noise trading imply lower transaction costs.

Using the equilibrium strategies as specified in Proposition 2, the expected (uncon-
ditional) transaction costs using all public information are given by

−E [E [u2 (p2 − v) | qw,1] ] = −λd2σ2
u (4.4.4)

= −σ2
u

(
Σ0 (Σ0 + σ2

ε )

A3σ4
Iσ

6
ε

)
(4.4.5)

where for (4.4.4) I made use of the conditional expectations E [v | qw,1] = p0 + γ1qw,1 and
E [sw | qw,1] = γ1

θw
qw,1, which eventually cancel out.

For Proposition 3.b implies that in case (1.) with precise dealer signals noise traders
face lower expected trading costs with disclosure. However, in case (2.) with imprecise
dealer signals post-trade disclosure increases noise traders’ expected costs of trading.
Consequently, neither disclosure regime universally dominates. With post-trade disclo-
sure noise traders’ are only better off if inter-dealer trading involves a dealer who trades
on a precise signal. If noise traders trade against a dealer who inferred an imprecise
signal inter-dealer trading disclosure does not benefit them.

4.4.3. Dealer profits from intermediation

In what follows I will analyze the dealer’s (unconditional) expected profits across the
two disclosure regimes. Without disclosure and thus no concern for information leakage
the dealer fully profits from being a monopolist market maker in period one and sub-
sequently from speculating on the inferred information in period two. In contrast, with
disclosure the dealer is forced to balance first-period profits from market-making against
the reduction in future profits following trade disclosure and, hence, revelation of some
of her inferred information. This mixed strategy is costly, as the next Proposition shows:

Proposition 4 (dealer profits): Expected dealer profits are lower with post-trade dis-
closure than without. That is,

E
[
πnw,2

]
> E

[
πdw,2

]
> 0 ,

as well as
E
[
πnw,1

]
> E

[
πdw,1

]
> 0 ,

which implies that total profits follow

E [Πn
w] > E

[
Πd
w

]
> 0 .
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Proof: See Appendix 4.A.5.

Without disclosure, expected dealer profits in each period involve one positive profit
component. First-period profits are increasing as the signal precision in sc or sw is de-
creasing (i.e., decreasing in θc and θw). Second-period profits are equal to noise traders’
expected trading costs as given in equation (4.4.3) where higher volumes of noise traders’
demand lead to higher dealer profits.

Now, with disclosure, expected dealer profits in each period involve two components:
one positive as well as a negative component where the sum of these components remains
strictly positive but is lower than the one profit component in case of no disclosure. This
reduction in profits is due to two reasons: First, concealing her information-based trading
component β1sw with noise causes the dealer, at times, to trade in a manner that is
inconsistent with the inferred information. For instance, higher levels of σz, which become
more necessary with precise dealer signals, increase the risk of unfavorable realizations
of z1. This is particularly true if z1 take the opposite sign of Ic. Second, disclosure of
any kind leads to a revelation of some of the dealer’s information, which reduces the
adverse selection problem in period two and lowers the dealer’s profits from speculation.
It appears that for precise dealer signals the reduction in expected profits is attributable
mainly to the reduction in the adverse selection problem, while with imprecise dealer
signals it is attributable to unfavorable realizations of z1.

Overall, the difference in total expected dealer profits is increasing in σu. This suggests
that the higher the level of noise trading in period two, the more costly is post-trade
disclosure to the dealer. This result thus offers an explanation to the upper bounds on
σu required for the mixed strategy equilibrium. Notably, while post-trade disclosure of
customer-dealer trades cuts the dealer’s total profits, the intermediation of the customer
order and thus taking the role of the middleman still remains profitable.

4.4.4. Customer expected utility

In this subsection I compare the customer’s (unconditional) expected utility across
the disclosure regimes. The main goal is to examine whether she is better off with or
without disclosure. On a unconditional basis, the customer’s expected utility without
post-trade disclosure is given by the following function (see Appendix 4.A.6 for the

139



Chapter 4: Post-Trade Disclosure and its Impact on Dealer Liquidity Provision

derivations):

E
[
E
[
W n
c,1|sc, Ic

]
− 1

2
AVar

[
W n
c,1|sc, Ic

]]
= Fn

(
Σ0 + σ2

ε

)
+Hn σ2

I . (4.4.6)

Similarly, with post-trade disclosure the customer’s expected utility is given by

E
[
E
[
W d
c,1|sc, Ic, z1

]
− 1

2
AVar

[
W d
c,1|sc, Ic, z1

]]
= Fd

(
Σ0 + σ2

ε

)
+Hd σ2

I + J d σ2
z . (4.4.7)

Comparing (4.4.6) and (4.4.7) highlights that the customer’s unconditional expected
utilities contain two common components: The first component depends on the variance
of her private information, (Σ0 + σ2

ε ). Since Fn and Fd are positive, this component
is increasing utility as the realizations of her signal become more pronounced. Since
Fn > Fd the impact of (Σ0 + σ2

ε ) on her utility is greater without disclosure. The second
component depends on the variance of her endowment shock σ2

I . That is, expected utility
is decreasing as the probability of larger inventory realizations increases. Since Hn > Hd

the customer’s utility is decreasing less without disclosure.

Based on only the common utility components, the nondisclosure regime produces
higher expected utility levels. However, with post-trade disclosure the dealer’s first-period
noise component z1 feeds back into the customer’s utility function. Realization of z1 that
take the same sign as Ic, improve her need for risk-sharing of the endowment shock.
Analogously, realizations of z1 with an opposite sign achieve the contrary. On an un-
conditional basis specific realization of E[z1] = 0 drop out in expectation whereas the
variance E[z2

1 ] = σ2
z continues to play a role. Consequently, the customer’s unconditional

expected utility with disclosure contains a third component that depends on the variance
of the dealer’s first-period noise component, σ2

z . Since J d > 0 the term strictly increases
the customer utility.

To evaluate whether one disclosure regime dominates the other, I examine the ob-
jective functions (4.4.6) and (4.4.7) in terms of the negative exponential utility they
provide. Since determining a specific analytical cutoff point (e.g., with respect to σ2

z) is
not straightforward, I study the utility functions

E
[
U(W d

c,1)
]

= E
[
−e−AW

d
c,1

]
and E

[
U(W n

c,1)
]

= E
[
−e−AW

n
c,1
]

for different parameter constellations of A, Σ0, σu, σz and in particular σε and σI . I find
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that neither the full disclosure regime nor the non disclosure regime dominates univer-
sally. In terms of the customer’s expected utility, for some parameter values the customer
is unconditionally better off with post-trade disclosure while for other parameter values
the customer is better off without post-trade disclosure. Figures 4.2 and 4.3 show the
regions where trading with post-trade disclosure dominates trading without post-trade
disclosure and vice versa.

Insert Figures 4.2 and 4.3

From the customer’s point of view, the relative precision between sc and sw matters.
In particular, the distinction into subcases (2.a) and (2.b) from Proposition 2 will be
taken into account. Hence, I distinguish the following combinations of the customer and
the dealer signal: case (1.) with 0.5 < θw < θc < 1 such that both have precise signals;
case (2.a) with θw < 0.5 < θc < 1 such that only the customer holds a precise; and,
lastly, case (2.b) with θw < θc < 0.5 such that both have imprecise signals. That is, I
separate case (2.) of Proposition 2 into two subcases.

In Figure 4.2 the region in which the full disclosure regime yields higher uncondi-
tional expected utility is confined to signal precisions within case (1.). That is, both the
customer and the dealer need to obtain precise signals where signal weights θc and θw

need to be sufficiently high and close to each other. As illustrated in Figure 4.3 for the
subcase (2.b) where both the customer and the dealer have imprecise signals the region
in which the disclosure regime yields higher unconditional expected utility is very small
and confined to cases involving low σI . Similar to cases (1.) and (2.a), this requirement
results in close signal weights θc and θw. These findings suggest that customers who do
not possess material information but primarily trade for liquidity motives appear to be
better off in dealership markets without post-trade disclosure.

With the above analysis I show that the traditional view that trade disclosure is
welfare superior, as in Pagano and Röell (1996), only carries through to my model if both
the customer and the dealer obtain signals with sufficiently close precision. Whenever
the relative signal precision is low or differs by too much the customer appears to be
better off without a post-trade disclosure. This gives a new perspective on the findings
in Naik et al. (1999) who for their main conclusion, namely, that no disclosure regime
universally dominates, build on the assumption that the dealer can perfectly learn the
customer’s information based trading motive. That is, a situation that creates identical
signal precision.
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4.5. Conclusion

In this paper I study the dynamic trading strategy of a dealer who first engages in
customer-dealer trading and then offsets her position by trading with another market
maker. This setting places special emphasis on the dealer’s role as middleman and her
ability to learn and subsequently benefit from information conveyed in the customer’s
order size. Within this context, the paper’s focus is on the effects of post-trade disclosure,
in particular with regard to the dealer’s first-period liquidity provision. This is of interests
because a common argument brought up against greater post-trade transparency is that
it lowers liquidity provision in the first place.

In this paper I set out to examine this objection: With disclosure the dealer, for fear
of information leakage, preserves her information advantage by playing a mixed strategy
that randomizes her first-period trade. This mixed strategy is costly since it causes the
dealer, at times, to trade in a manner that is inconsistent with the inferred informa-
tion. As such, it reduces expected dealer profits within each period. From the customer’s
perspective disclosure leads to a reduction in non-random dealer liquidity provision and
higher marginal costs of trading. Hence, this appears to confirm the quoted objection.
At the same time, however, the dealer’s noise component improves the customer’s need
for risk-sharing of the endowment shock. Unconditionally, neither disclosure regime uni-
versally dominates. The customer is better off without disclosure if the relative signal
precision between the customer’s private information and the dealer’s inferred signal is
large. She is better off with disclosure if both obtain signals with sufficiently close and
high precision. The fact that no particular disclosure regime dominates corroborates the
findings in Naik et al. (1999). In comparison, however, I offer an information-driven ra-
tionale that does not depend on risk-averse dealers, or the explicit assumption that the
customer’s trading motives can be disentangled.
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Figure 4.1: Timeline of the Model

t=1!

Customer-Dealer!
Trading!

t=2!

Inter-Dealer!
Trading!

Post-Trade!
Disclosure!

Date 1: – The customer receives {sc, Ic}

– The dealer announces qw,1(p1) taking the customer’s best re-
sponse into account

– The customer optimally chooses qc,1 taking prices as given

→ Public post-trade disclosure according to the particular transparency regime

Date 2: – The dealer and the liquidity traders submit qw,2 and u2

– The market-making core dealer observes the aggregate order flow
ym,2

and all public information and sets the price p2

– The liquidation value of v is realized and all uncertainty is re-
solved
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Figure 4.2: Customer welfare comparison (case (1.) and subcase (2.a))

Note: The customer’s unconditional expected utility for precise dealer signals against values of σI and σε.

0

no disclosure regime 
has higher utility

disclosure regime 
has higher utility

case (1.) subcase (2.a)

Figure 4.2: This graph contains the customer’s unconditional expected utility surfaces E
[
U(W d

c,1)
]
and E

[
U(Wn

c,1)
]

for case (1.) with 0.5 < θw < θc as well as subcase (2.a) with θw < 0.5 < θc. The region where the no disclosure regime

dominates the full disclosure regime (and vice versa) is shown for different values of σI and σε. The other parameters are

A = 1, Σ0 = 1, and σu is at the midpoint of the eligible range.
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Figure 4.3: Customer welfare comparison (subcase (2.b))

Note: The customer’s unconditional expected utility for precise dealer signals against values of σI and σε.

disclosure regime 
has higher utility

no disclosure regime 
has higher utility

0

subcase (2.b)

Figure 4.2: This graph contains the customer’s unconditional expected utility surfaces E
[
U(W d

c,1)
]
and E

[
U(Wn

c,1)
]

for case subcase (2.b) with θw < θc < 0.5. The region where the no disclosure regime dominates the full disclosure regime

(and vice versa) is shown for different values of σI and σε. The other parameters are A = 1, Σ0 = 1, and σu is at the

midpoint of the eligible range.
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Appendix 4.A Proofs

4.A.1 Proof of Proposition 1

The equilibrium solutions for λ∗2 and β∗2 are obtained by solving the following system
of two equations, (4.3.10) and (4.3.7), given in two unknowns: λ2 = β2Σ0

β2
2(Σ0+σ2

εA
2σ2
Iσ

4
ε)+σ2

u

β2 = Σ0

2λ2(Σ0+σ2
ε+A2σ2

Iσ
4
ε)

, (4.A.1)

which yields 
λ∗2 = 1

2

√
Σ2

0

σ2
u(Σ0+σ2

ε+A2σ2
Iσ

4
ε)

β∗2 =

(
σu√

Σ0+σ2
ε+A2σ2

Iσ
4
ε

) (4.A.2)

and verifies that the equilibrium values of λ2 and β2 are those shown in Proposition 1.

4.A.2 Proof of Lemmas 1 and 2

Given qw,1, the conditional mean and variance are computed using the Projection
Theorem for normally distributed variables. Accordingly, the conditional moments are
given by

E [v | qw,1] = E [v] +

(
Cov [v, qw,1]

Var [qw,1]

)
(qw,1 − E [qw,1]) , (4.A.3)

and

Var [v | qw,1] = Var [v]−

(
Cov [v, qw,1]2

Var [qw,1]

)
. (4.A.4)

Based on the conjecture that qw,1 = β1sw + z1, we have

Cov [v, qw,1] = Cov
[
v, β1

(
v − p0 + ε− IcAσ2

ε

)
+ z1

]
(4.A.5)

= β1Var [v] (4.A.6)

since v is independent of all other random variables. Also, we have

Var [v, qw,1] = β2
1

(
Σ0 + σ2

ε + σ2
IA

2σ4
ε

)
+ σ2

z (4.A.7)
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and

E [β1sw + z1] = 0 . (4.A.8)

Putting all of these together gives

E [v | qw,1] = p0 +

(
β1Σ0

β2
1 (Σ0 + σ2

ε + σ2
IA

2σ4
ε ) + σ2

z

)
qw,1 (4.A.9)

= p0 + γ1 qw,1 (4.A.10)

and

Var [v | qw,1] = Σ0 −
β2

1Σ2
0

β2
1 (Σ0 + σ2

ε + A2σ2
Iσ

4
ε ) + σ2

z

(4.A.11)

= Σ0 (1− β1γ1) , (4.A.12)

which verifies the conditional moments given in Lemma 1 and specifies γ1 as

γ1 =

(
β1Σ0

β2
1 (Σ0 + σ2

ε + σ2
IA

2σ4
ε ) + σ2

z

)
(4.A.13)

Upon observing ym,2 in period two, Bayesian updating implies that in determining
E [v | ym,2] the core dealer can also condition on qw,1. Thus, the second-period price func-
tion follows

p2 = E [ E [v | ym,2] | qw,1] (4.A.14)

= E [v | qw,1] +

(
Cov [v, ym,2 | qw,1]

Var [ym,2 | qw,1]

)
(ym,2 − E [ym,2 | qw,1]) . (4.A.15)

In what follows I will determine each component in (4.A.15) step-by-step. Based on
the conjecture that ym,2 = β2 (sw − α2qw,1) + u2 where the dealer signal sw is given by
sw = v − p0 + ε− IcAσ2

ε , we have

Cov [v, ym,2 | qw,1] = Cov [v, β2 (sw − α2qw,1) + u2 | qw,1] (4.A.16)

= β2Var [v | qw,1] (4.A.17)

= β2Σ0(1− β1γ1) . (4.A.18)
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Using the Projection Theorem on sw, the conditional variance is given by

Var [sw | qw,1] = Var [sw]− Cov [sw, qw,1]2

Var [qw,1]
(4.A.19)

=
σ2
z (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )

σ2
z + β2

1 (Σ0 + σ2
ε + A2σ2

Iσ
4
ε )
. (4.A.20)

Then, the Var [ym,2 | qw,1] simplifies to

Var [ym,2 | qw,1] = β2
2Var [sw | qw,1] + Var [u2 | qw,1] (4.A.21)

= β2
2

(
σ2
z (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )

σ2
z + β2

1 (Σ0 + σ2
ε + A2σ2

Iσ
4
ε )

)
+ σ2

u . (4.A.22)

Furthermore, using the Projection Theorem on sw, the conditional expectation follows

E [sw | qw,1] = E [sw] +

(
Cov [sw, qw,1]

Var [qw,1]

)
(qw,1 − E [qw,1]) (4.A.23)

= (
β1 (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )

β2
1 (Σ0 + σ2

ε + A2σ2
Iσ

4
ε ) + σ2

z

)qw,1 (4.A.24)

Notice that in (4.A.24) the fraction in front of qw,1 can be re-written in terms of γ1 and
θw such that we have

E [sw | qw,1] =
γ1

θw
qw,1 . (4.A.25)

Then, we can show that E [ym,2 | qw,1] simplifies to

E [ym,2 | qw,1] = β2E [sw | qw,1]− β2α2qw,1 + E [u2 | qw,1] (4.A.26)

= β2
γ1

θw
qw,1 − β2α2qw,1 (4.A.27)

Now, since in equilibrium it must hold that α2 = γ1

θw
the expression E [ym,2 | qw,1] reduces

to zero

E [ym,2 | qw,1] = β2
γ1

θw
qw,1 − β2

γ1

θw
qw,1 = 0 (4.A.28)

Putting all components together, the second-period price function follows

p2 = p0 + θmqw,1 + λ2ym,2 (4.A.29)
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where γ1 is given in equation (4.A.13) and λ2 follows

λ2 =
β2Σ0 (σ2

z + β2
1σ

2
ε (1 + A2σ2

Iσ
2
ε ))

β2
2σ

2
z (Σ0 + σ2

ε + A2σ2
Iσ

4
ε ) + σ2

u (β2
1 (Σ0 + σ2

ε + A2σ2
Iσ

4
ε ) + σ2

z)

(4.A.30)

Lastly, inserting β2 = θw
2λ2

as well as θw = Σ0

Σ0+σ2
ε+A2σ2

Iσ
4
ε
and simplifying gives λ2 as it is

given in Lemma 2.
The above computations verify the price conjecture for p2 given post-trade disclosure.
The equilibrium solutions for γ1 and λ2 will be solved for in Appendix 4.A.3.

4.A.3 Proof of Proposition 2

Notice that equations (4.3.35) imply that β1 < 0. This is because γ1(β1) is, among
other primitives, a function in β1. Notice that since 0 < θw < θc < 1 the denominator in
λ2 =

(
γ1θw

2(θw−θc)

)
will always be negative. Hence, the sign of λ2 =

(
γ1θw

2(θw−θc)

)
depends on

the sign of γ1, which needs to be negative for λ2 > 0. Now, the sign of γ1, as shown in
equation (4.3.21), depends exclusively on the sign of β1. This yields another parameter
sign restriction that simplifies the search for solution parameters.

The equilibrium solutions for λ∗2, β∗1 , and σ∗z are obtained by solving the following
system of three equations, (4.3.35) and (4.3.28), given in three unknowns:

λ2 = − β1Σ0(Σ0+σ2
ε)

2A2σ2
Iσ

4
ε(σ2

z+β2
1(Σ0+σ2

ε+A2σ2
Iσ

4
ε))

λ2 =
β2

1Σ0(Σ0+σ2
ε)

4Aσ2
ε(σ2

z+β2
1(Σ0+σ2

ε+A2σ2
Iσ

4
ε))

2

λ2 =
2λ2Σ2

0(σ2
z+β2

1σ
2
ε(1+A2σ2

Iσ
2
ε))

Σ2
0σ

2
z+4λ2

2σ
2
u(Σ0+σ2

ε+A2σ2
Iσ

4
ε)(σ2

z+β2
1(Σ0+σ2

ε+A2σ2
Iσ

4
ε))

, (4.A.31)

where I substituted
(

Σ0

Σ0+σ2
ε

)
for θc,

(
Σ0

Σ0+σ2
ε+A2σ2

Iσ
4
ε

)
for θw, and equation (4.3.21) from

Lemma 1 for γ1.

Using the technical computing software Wolfram Mathematica87 in combination with
the requirement that solutions are real valued

(β1, β2, α2, γ1, λ2) ∈ R5 ,

87Specifically, the function Reduce[expr,vars,dom].
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as well as the sign restrictions that

β1 < 0, β2 > 0, α2 > 0, γ1 < 0, as well as λ2 > 0 and σz > 0 ,

the above equation system in λ∗2, β∗1 , and σ∗z can be solved for the solutions constants

β∗1 =
A6σ8

Iσ
12
ε −4σ2

u(Σ0+σ2
ε)

2
(Σ0+σ2

ε+A2σ2
Iσ

4
ε)

2A5σ6
Iσ

10
ε ((Σ0−σ2

ε )+A2σ2
Iσ

4
ε)

< 0

σ∗z =

√
β∗1

(
−2β∗1(Σ0+σ2

ε+A2σ2
Iσ

4
ε)−

Σ0(Σ0+σ2
ε )

A2λ2σ
2
I
σ4
ε

)
√

2
> 0

λ∗2 =
Σ0(Σ0+σ2

ε)
A3σ4

Iσ
6
ε

> 0

. (4.A.32)

These equilibrium solutions only exist if the following parameter restriction are sat-
isfied:

1. The dealer has a precise signal (i.e., θw > 0.5 see Definition 1) such that σu is
within the bounds σ

¯
ps < σu < σ̄ps, where

σ
¯
ps =

A3σ4
Iσ

7
ε

√
1 + A2σ2

Iσ
2
ε√

2 (Σ0 + σ2
ε ) (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )

(4.A.33)

and

σ̄ps =
A3σ4

Iσ
6
ε

2 (Σ0 + σ2
ε )
√

Σ0 + σ2
ε + A2σ2

Iσ
4
ε

. (4.A.34)

2.a The dealer has an imprecise signal when the customer has precise signal (i.e.,
θw < 0.5 < θc see Definition 1), or 2.b the customer and the dealer have imprecise
signal (i.e., θw < θc < 0.5 see Definition 1) such that σu is within the bounds
σ
¯
is < σu < σ̄is where

σ
¯
is =

A3σ4
Iσ

6
ε

2 (Σ0 + σ2
ε )
√

Σ0 + σ2
ε + A2σ2

Iσ
4
ε

(4.A.35)

and

σ̄is =
A3σ4

Iσ
7
ε

√
1 + A2σ2

Iσ
2
ε√

2 (Σ0 + σ2
ε ) (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )
. (4.A.36)

Notice that the same model primitives, specifically σε and σI , imply different values
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for the equilibrium solutions. This is most obvious in the bounds on σu. While they have
identical analytical solutions (i.e., the bounds are switched) their numerical values de-
pend on whether the dealer infers a precise or imprecise signal relative to the customer.
Consequently, from the dealer’s perspective, case (1.) is mutually exclusive from cases
(2.a) and (2.b). In fact, as far as the dealer is concerned, I will only distinguish case
(1.) from case (2.). The distinction into subcases (2.a) and (2.b) only matters for the
customer.

Inserting the equilibrium solutions λ∗2, β∗1 , and σ∗z into the equilibrium constants β∗2
and γ∗1 we find

β∗2 =
θw
2λ∗2

=
A3σ4

Iσ
6
ε

2 (Σ0 + σ2
ε ) (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )
> 0 (4.A.37)

γ∗1 =
β∗1Σ0

(β∗1)2 (Σ0 + σ2
ε + A2σ2

Iσ
4
ε ) + (σ∗z)

2
= − 2Σ0

Aσ2
Iσ

2
ε

< 0 . (4.A.38)

Lastly, substituting γ∗1 and θw =
(

Σ0

Σ0+σ2
ε+A2σ2

Iσ
4
ε

)
into α∗2 gives

α∗2 =
γ∗1
θw

= −2 (Σ0 + σ2
ε + A2σ2

Iσ
4
ε )

Aσ2
Iσ

2
ε

< 0 (4.A.39)

This verifies that the equilibrium values of β∗1 , σ∗z , β∗2 , α∗2, λ∗2 and γ∗1 are those shown in
Proposition 2.

4.A.4 Proof of Propositions 3.a and 3.b

To capture the customer’s marginal costs of trading in period one I derive the price
schedule the dealer posts to the customer (i.e., the inverse of the dealer’s first-period
demand schedule) and arrange it in terms of qc,1. First, I express the customer’s demand
given in (4.2.8) in terms of sw, which gives

sw =
(p1 − p0)

θc
+ Aσ2

ε qc,1 . (4.A.40)

Next, I insert the dealer’s optimal first-period demands, βn1 sw, and, βd1sw+z1, as captured
by Proposition 1 and Proposition 2 respectively into the residual supply curve given in
(4.2.13). Lastly, I replace sw with (4.A.40). Then, solving for p1 gives the following first-
period price function in case of no disclosure

pn1 = p0 + λn1 qc,1 (4.A.41)
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where λn1 is given by

λn1 = Aσ2
ε +

2Σ0

Aσ2
Iσ

2
ε

− Aσ4
ε

Σ0 + σ2
ε

> 0 . (4.A.42)

And further, in case of disclosure the first-period price function is given by

pd1 = p0 + γd0z1 + λd1 qc,1 (4.A.43)

where λd1 is given by

λd1 =
AΣ0σ

2
ε

(
A4σ6

Iσ
8
ε (3A2σ2

Iσ
4
ε − 2Σ0 + 2σ2

ε )− 4σ2
u (Σ0 + σ2

ε )
2

(Σ0 + σ2
ε + A2σ2

Iσ
4
ε )
)

(Σ0 + σ2
ε )
(
4σ2

u (Σ0 + σ2
ε )

2 (Σ0 + σ2
ε + A2σ2

Iσ
4
ε )− A6σ8

Iσ
12
ε

) > 0 ,

(4.A.44)

and γ0 is the constant in front of the dealer’s camouflaging noise term, z1. It follows

γd0 =
2A5σ6

IΣ0σ
10
ε (−(Σ0 − σ2

ε ) + A2σ2
Iσ

4
ε )

(Σ0 + σ2
ε )
(
4σ2

u (Σ0 + σ2
ε )

2 (Σ0 + σ2
ε + A2σ2

Iσ
4
ε )− A6σ8

Iσ
12
ε

) > 0 . (4.A.45)

What becomes clear from the price function in (4.A.43) is that the dealer’s noise term z1

affects the intercept of the price schedule that the customer is facing. Since γd0 is strictly
positive independent of dealer signal precision the price intercept increases (decreases)
for positive (negative) z1. From the customer’s point of view, favorable realizations of z1

are those that cancel out the impact, λd1 qc,1, on the price. This is the case if z1 has the
opposite sign of the customer’s trade (e.g., z1 < 0 for a customer buy order for which
qc,1 > 0 and vice versa). In fact, one is more likely to see a customer buy order (sell order)
if the dealer experiences a large negative (positive) endowment shock. This confirms that
realizations of z1 that show the same sign as her endowment shock improve risk-sharing
and lower the customer fixed trading costs.

To proof that λd1 > λn1 independent of the dealer’s signal precision, first notice that
the inequality 0 > λn1 − λd1 simplifies to the following expression:

0 >Aσ2
IΣ0σ

2
ε

(
Σ0 + σ2

ε

)
O1 O2 (4.A.46)
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where the auxiliary expressions O1 and O2 are given by

O1 =
(
A6σ8

Iσ
12
ε − 4σ2

u

(
Σ0 + σ2

ε

)2 (
A2σ2

Iσ
4
ε + Σ0 + σ2

ε

))
(4.A.47)

O2 =
(
A6σ8

Iσ
14
ε

(
1 + A2σ2

Iσ
2
ε

)
− 2σ2

u

(
Σ0 + σ2

ε

)2 (
A2σ2

Iσ
4
ε + Σ0 + σ2

ε

)2
)
. (4.A.48)

Since the term in front of the product O1O2 is strictly positive the sign of the inequality
depends on the signs of O1 and O2.

Now, in case (1.) with θw > 0.5 the signs of the auxiliary expressions are given by
O1 > 0 and O2 < 0. To see this, notice that at the lower bound σ

¯
ps of eligible values for

σu the expression O1 reduces to

O1 =
A6σ8

Iσ
12
ε ((Σ0 − σ2

ε )− A2σ2
Iσ

4
ε )

A2σ2
Iσ

4
ε + Σ0 + σ2

ε

> 0 , (4.A.49)

and is positive since Σ0− σ2
ε > A2σ2

Iσ
4
ε . Furthermore, at σ

¯
ps the expression O2 collapses

to zero.
On the contrary, at the upper bound σ̄ps of eligible values for σu the expression O1

collapses to zero and O2 reduces to

O2 =
1

2
A6σ8

Iσ
12
ε

(
−(Σ0 − σ2

ε ) + A2σ2
Iσ

4
ε

)
< 0 , (4.A.50)

which is negative since Σ0 − σ2
ε > A2σ2

Iσ
4
ε . Hence, as σu increases from the lower to the

upper bound of eligible values O1 will increase from zero towards positive values and O2

decrease from zero towards negative values. As a consequence, all possible values of σu
within the eligible range yield auxiliary expressions O1 > 0 and O2 < 0.

Now, in case (2.) with θw < 0.5 the signs of the auxiliary expressions changes and
O1 < 0 while O2 > 0 for all values of σu within the eligible range. The proof then follows
analogously. This proofs Proposition 3.a.

To proof that λn2 > λd2 in case (1.) while λd2 > λn2 in case (2.) notice the following:
inequality λn2 > λd2 holds whenever we have

0 < σu <
A3σ4

Iσ
6
ε

2 (Σ0 + σ2
ε )
√

Σ0 + σ2
ε + A2σ2

Iσ
4
ε

. (4.A.51)

Now, the RHS in (4.A.51) is equivalent to the upper bound σ̄ps for eligible values of σu
in case (1.). On the contrary, the RHS in (4.A.51) is equivalent to the lower bound σ

¯
is
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for eligible values of σu in case (2.). Since the expressions λn2 and λd2 are strictly positive
the inequality given in (4.A.51) proofs the statement in Proposition 3.b.

4.A.5 Proof of Proposition 4

Using the equilibrium strategies as specified in Proposition 1, the dealer’s expected
second-period profits without disclosure are given by

E
[
πnw,2

]
= E

[
qnw,2(v − pn2 )

]
(4.A.52)

=
Σ0σu

2
√

Σ0 + σ2
ε + A2σ2

Iσ
4
ε

> 0 , (4.A.53)

which is equal to the noise trader’s expected trading costs as given in equation (4.4.3).
Equation (4.A.53) is strictly positive independent of the dealer’s signal precision and
increasing in σu.

Next, using the equilibrium strategies as specified in Proposition 2, the dealer’s ex-
pected second-period profits with disclosure are

E
[
πdw,2

]
= E

[
qdw,2(v − pd2)

]
(4.A.54)

= σ2
u

(
Σ0 (Σ0 + σ2

ε )

A3σ4
Iσ

6
ε

)(
− (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )

((Σ0 − σ2
ε ) + A2σ2

Iσ
4
ε )

)

+

 A3σ4
IΣ0σ

8
ε (1 + A2σ2

Iσ
2
ε )

2Σ0 + σ2
ε

(
σ4
ε (1 + A2σ2

Iσ
2
ε )

2 − Σ2
0

)
 > 0 . (4.A.55)

Equation (4.A.55) involves two components: first, a component that represents a weighted
version of the noise traders’ expected transaction costs as given in (4.4.5); and, second,
a profit component that originates from market-making in period one. Depending on the
signal precision the signs of the two components change signs: in case (1.) with θw > 0.5

the weight (
− (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )

((Σ0 − σ2
ε ) + A2σ2

Iσ
4
ε )

)
> 1

is positive and larger than one, while the second component is negative. In contrast, in
case (2.) with θw < 0.5 the weight is negative and smaller than −1, while the second
component becomes positive. To proof that the expected profits in (4.A.55) are positive
notice that the inequality E

[
πdw,2

]
> 0 reduces to

Aσ2
IΣ0σ

2
ε

(
Σ0 + σ2

ε

) (
A2σ2

Iσ
4
ε + Σ0 + σ2

ε

)
U1 U2 > 0 (4.A.56)
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where

U1 =
(
A2σ2

Iσ
4
ε − Σ0 + σ2

ε

)
(4.A.57)

U2 =
(
A6σ8

Iσ
14
ε

(
1 + A2σ2

Iσ
2
ε

)
− 2σ2

u

(
Σ0 + σ2

ε

)2 (
A2σ2

Iσ
4
ε + Σ0 + σ2

ε

)2
)

(4.A.58)

Now, in case (1.) U1 and U2 are both negative. In case (2.) both U1 and U2 are positive.
Since the expression in front of U1 U2 is positive by definition profits are strictly positive
across both cases.

Once we step back to period one I find that the dealer’s profits without disclosure
are given by

E
[
πnw,1

]
= E

[
qnw,1(v − pn1 )

]
(4.A.59)

=
A3σ4

IΣ0σ
6
ε

4 (Σ0 + σ2
ε ) (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )
> 0 , (4.A.60)

which are strictly positive independent of the dealer’s signal precision. Let the following
two expressions

τc =

√
σ2
ε

Σ0 + σ2
ε

and τw =

√
A2σ2

Iσ
4
ε

Σ0 + σ2
ε + A2σ2

Iσ
4
ε

denote the noise-to-signal ratio of the customer as well as the dealer signal. Then, first-
period expected profits can be re-written as

E
[
πnw,1

]
=

1

4
Aσ2

IΣ0 τ
2
c τ

2
w , (4.A.61)

which is increasing as signal precision declines (i.e., the noise-to-signal ratio increases).
With disclosure first-period expected profits are given by

E
[
πdw,1

]
= E

[
qdw,1(v − pd1)

]
(4.A.62)

= σ2
u

(
Σ0 (Σ0 + σ2

ε )

A3σ4
Iσ

6
ε

)(
(Σ0 + σ2

ε + A2σ2
Iσ

4
ε )

((Σ0 − σ2
ε ) + A2σ2

Iσ
4
ε )

)
−
(

A3σ4
IΣ0σ

6
ε

4 (Σ0 + σ2
ε ) ((Σ0 − σ2

ε ) + A2σ2
Iσ

4
ε )

)
> 0 . (4.A.63)

Equation (4.A.63) is strictly positive independent of dealer signal precision. Similar to
(4.A.55), profits can be split into two components. Now, however, the weight in front
of noise traders’ expected transaction costs has the opposite sign. It is negative in case
(1.) and positive in case (2.). The second profit component is different from the one
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in equation (4.A.55) but it is positive in case (1.) and negative in case (2.). To proof
that the expected profits in (4.A.63) are positive notice that the inequality E

[
πdw,1

]
> 0

reduces to

Aσ2
IΣ0σ

2
ε

(
Σ0 + σ2

ε

)
U3 U4 > 0 (4.A.64)

where

U3 =
(
Σ0 − σ2

ε (1 + A2σ2
Iσ

2
ε )
)

(4.A.65)

U4 =
(
A6σ8

Iσ
12
ε − 4σ2

u

(
Σ0 + σ2

ε

)2 (
Σ0 + σ2

ε + A2σ2
Iσ

4
ε

))
> 0 (4.A.66)

In case (1.) U3 and U4 are both positive. In case (2.) both U1 and U2 are negative. Since
the expression in front of U3 U4 is positive by definition profits are strictly positive across
both cases.

Adding first-period and second-period profits for the dealer gives the following total
profits in case of no post-trade disclosure

E [Πn
w] = E

[
πnw,1 + πnw,2

]
(4.A.67)

=
1

4
Σ0

(
2σu√

Σ0 + σ2
ε + A2σ2

Iσ
4
ε

+
A3σ4

Iσ
6
ε

(Σ0 + σ2
ε ) (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )

)
(4.A.68)

in case of and in case of full post-trade disclosure

E
[
Πd
w

]
= E

[
πdw,1 + πdw,2

]
(4.A.69)

=
1

4
Σ0

(
A3σ4

Iσ
6
ε

(Σ0 + σ2
ε ) (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )

)
. (4.A.70)

Clearly, the above equations indicate that the dealer’s total profits are strictly higher
without disclosure than with. This is because the difference E [Πn

w]− E
[
Πd
w

]
is given by

1

4
Σ0

(
2σu√

Σ0 + σ2
ε + A2σ2

Iσ
4
ε

)
> 0 ,

which is strictly positive by assumption.

The claim that, in each period, expected profits are lower with than without disclo-
sure, follows from observing the following: In order to proof that E

[
πnw,1

]
> E

[
πdw,1

]
I
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add E
[
πdw,2

]
to both side of the inequality

E
[
πnw,1

]
+ E

[
πdw,2

]
> E

[
πdw,1

]
+ E

[
πdw,2

]
.

In the above inequality the RHS collapses to E
[
Πd
w

]
, which is strictly positive. The LHS

is given by

E
[
πnw,1 + πdw,2

]
=

A3σ4
IΣ0σ

6
ε (3A2σ2

Iσ
4
ε − Σ0 + 3σ2

ε )

4 (Σ0 + σ2
ε ) (−(Σ0 − σ2

ε ) + A2σ2
Iσ

4
ε ) (Σ0 + σ2

ε + A2σ2
Iσ

4
ε )

(4.A.71)

− Σ0σ
2
u (Σ0 + σ2

ε ) (Σ0 + σ2
ε + A2σ2

Iσ
4
ε )

A3σ4
Iσ

6
ε (−(Σ0 − σ2

ε ) + A2σ2
Iσ

4
ε )

(4.A.72)

Subtracting the RHS from the LHS, we want to show that the resulting expression
E
[
πnw,1 + πdw,2

]
− E

[
Πd
w

]
, which is given by the product of the following three auxiliary

expressions,

E
[
πnw,1 + πdw,2

]
− E

[
Πd
w

]
= P1P2P3 > 0 (4.A.73)

is strictly bigger than zero. Now, P1 is given by

P1 = Aσ2
IΣ0σ

2
ε

(
Σ0 + σ2

ε

) (
Σ0 + σ2

ε + A2σ2
Iσ

4
ε

)
(4.A.74)

and positive by definition. P2 is given by

P2 = −(Σ0 − σ2
ε ) + A2σ2

Iσ
4
ε (4.A.75)

and negative in case (1.) with θw > 0.5 but positive in case (2.) with θw < 0.5. Lastly,
P3 is given by

P3 = A6σ8
Iσ

14
ε

(
1 + A2σ2

Iσ
2
ε

)
− 2σ2

u

(
σ2
v + σ2

ε

)2 (
A2σ2

Iσ
4
ε + σ2

v + σ2
ε

)2
, (4.A.76)

which is also negative in case (1.) with θw > 0.5 and positive in case (2.) with θw < 0.5.
This proofs E

[
πnw,1

]
> E

[
πnw,1

]
. Hence, the product P1P2P3 is indeed positive across

both cases.

To proof E
[
πnw,2

]
> E

[
πdw,2

]
I want to show that

(
E
[
πnw,2

]
+ E

[
πd1
])
−
(
E
[
πdw,2

]
+ E

[
πd1
])
> 0 . (4.A.77)
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The above inequality reduces to the following expression

Q1 (Q2 + (Q3 −Q4)) > 0 . (4.A.78)

Q1, given by

Q1 = Aσ2
IΣ0σ

2
ε

(
Σ0 + σ2

ε

) (
−Σ2

0 + σ4
ε

(
1 + A2σ2

Iσ
2
ε

)2
)

(4.A.79)

and negative in case (1.) but positive in case (2.). The remainder (Q2 + (Q3 −Q4)) is
also negative in case (1.) but positive in case (2.). This is because in case (1.) Q2, which
is given by

Q2 = A3σ4
Iσuσ

6
ε

(
Σ0 + σ2

ε

) (
−(Σ0 − σ2

ε ) + A2σ2
Iσ

4
ε

)√
Σ0 + σ2

ε + A2σ2
Iσ

4
ε ,

(4.A.80)

is negative and in absolute terms larger than

(Q3 −Q4) = 2σ2
u

(
Σ0 + σ2

ε

)2 (
Σ0 + σ2

ε + A2σ2
Iσ

4
ε

)2 − A6σ8
Iσ

14
ε

(
1 + A2σ2

Iσ
2
ε

)
, (4.A.81)

which is positive. In case (2.) the ordering is reversed and Q2 is positive and larger in
absolute terms than the negative (Q3 −Q4). This proofs E

[
πnw,2

]
> E

[
πnw,2

]
.

4.A.6 Derivations of the customer’s expected utility

In what follows, I derive the customer’s expected utility across the disclosure regimes.
With post-trade disclosure I use the dealer’s first-period equilibrium strategy, βn1 sw, as
specified in Proposition 1, and insert it into the residual supply curve as given in (4.2.13).
This yields the first-period equilibrium price, pn1 . Next, I determine the equilibrium cus-
tomer order, qnc,1, by substituting the first-period equilibrium price, pn1 , into the customer’s
optimal demand in (4.2.8). As the last step I insert the just derived pn1 and qnc,1 into the
customer’s objective function (4.2.2). This yields the customer’s expected utility as the
following quadratic function in her signal sc and her liquidity shock Ic:

E
[
W n
c,1|sc, Ic

]
− 1

2
AVar

[
W n
c,1|sc, Ic

]
= Fn s2

c + Ic (p0 + Gn sc) +Hn I2
c (4.A.82)
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where

Fn =
A3σ4

IΣ0σ
6
ε

8 (Σ0 + σ2
ε ) (A2σ2

Iσ
4
ε + Σ0 + σ2

ε )
2 > 0 (4.A.83)

Gn =
Σ0 (A2σ2

Iσ
4
ε + 2Σ0 + 2σ2

ε ) (3A2σ2
Iσ

4
ε + 2Σ0 + 2σ2

ε )

4 (Σ0 + σ2
ε ) (A2σ2

Iσ
4
ε + Σ0 + σ2

ε )
2 > 0 (4.A.84)

Hn = −AΣ0σ
2
ε (A2σ2

Iσ
4
ε + 2Σ0 + 2σ2

ε ) (3A2σ2
Iσ

4
ε + 2Σ0 + 2σ2

ε )

8 (Σ0 + σ2
ε ) (A2σ2

Iσ
4
ε + Σ0 + σ2

ε )
2 < 0 (4.A.85)

Similarly, in case of full post-trade disclosure I make use of the dealer’s first-period
equilibrium strategy, βd1sw + z1, as specified in Proposition 2 to obtain the following
quadratic function
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where the sign of each calligraphic constants (4.A.83) to (4.A.85) and (4.A.87) to (4.A.91)
holds across cases (1), (2.a), and (2.b). Also, the orderings of the calligraphic constants

Fn > Fd and Hn > Hd
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hold across cases (1), (2.a), and (2.b). To see this, notice the following: for Fn > Fd the
following inequality must hold
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In (4.A.92) the LHS is strictly positive while the sign of the RHS depends on the value
of σu. In case (1.) at the lower bound σ

¯
ps the RHS collapses to zero, while the RHS is

identical to the LHS at the upper bound σ̄ps. Increasing σu within the eligible bounds
therefore insures that Fn > Fd in case (1.). Now, in case (2.) the RHS is identical to
the LHS at the lower bound σ

¯
is, while it is equal to zero at the upper bound σ̄is. For σu

within the eligible bounds this ensures that Fn > Fd in case (2.).

For Hn > Hd the following inequality must hold
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In (4.A.93) the expression in front of (W1 −W2) is strictly positive. The difference
(W1 −W2), however, depends on the value of σu. In case (1.) at the lower bound σ

¯
ps

this difference collapses to zero, while it is strictly positive and given by

1
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at the upper bound σ̄ps. Increasing σu within the eligible bounds therefore insures that
Hn > Hd in case (1.). Now, in case (2.) the ordering reverse: (W1 −W2) is strictly
positive and given by (4.A.96) at the lower bound σ

¯
is, while it is equal to zero at the

upper bound σ̄is. For σu within the eligible bounds this ensures that Fn > Fd in case (2.).

The above derivations of expected utilities are based on the information set {sc, Ic, p1}.
Without disclosure this is informationally equivalent to {sc, Ic} while with disclosure it is
informationally equivalent to {sc, Ic, z1}. This is because with knowledge of {sc, Ic} two
of the three random components in the price p1(sc, Ic, z1) are known to her. Hence, while
observing p1 is not informative about v it is still useful from the customer’s point of view
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since it allows her to perfectly infer z1 from p1. This inference allows the customer to
eliminate the price risk z1 creates in case of post-trade disclosure. Thus, cross-products
involving z1 do not drop out. If one were to exclude p1 from the conditioning set only
the term Kd z1 (sc − AIcσ2

ε ) would vanish as E[z1 | sc, Ic] = 0 but E[z2
1 | sc, Ic] = σ2

z .
Evaluating the customer’s expected utilities as given in (4.A.82) and (4.A.86) is al-

ways ambiguous. For some parameter values the customer is conditionally better off with
full disclosure while for other parameter values she is better off under the no disclosure
regime. For instance, if her private signal is not precise (i.e., θc < 0.5) and close to the
mean she is better off in a regime with disclosure. If the signal is precise (i.e., θc > 0.5)
and far from the mean no disclosure provides higher utility. Also, the direction and size
of her liquidity shock Ic in relation to z1 creates constellations where the first-period
dealer noise benefits or hurts her need for risk-sharing.

Unconditionally, we have that E[s2
c ] = Σ0 + σ2

ε , E[I2
c ] = σ2

I , and E[z2
1 ] = σ2

z whereas
E[Ic] = 0, E[sc] = 0, E[z1] = 0, and E[sw] = 0. Then, equations (4.A.82) and (4.A.86)
reduce to the following expressions

E
[
E
[
W n
c,1|sc, Ic

]
− 1

2
AVar

[
W n
c,1|sc, Ic

]]
= Fn

(
Σ0 + σ2

ε

)
+Hn σ2

I (4.A.97)

as well as
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The calligraphic constants are still given by (4.A.83) and (4.A.85) and (4.A.87), (4.A.89),
and (4.A.90).
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