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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 experiment, 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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1 Introduction

U.S. corporate bond markets, arguably among the world’s largest financial markets, are or-
ganized 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 con-
tagion. 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 interde-
pendence between market liquidity and funding liquidity 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 liquid-
ity 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 esti-
mate 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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Dealers are of crucial importance to the way over-the-counter (OTC) markets function.
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 understanding 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 (Federal Reserve (2010)).6 To the

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.

6Every morning, lender credit was “unwound” (i.e., replaced) with intraday credit from clearing banks
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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 Na-

tional Association of Insurance Commissioners (NAIC) with corporate bond trades from
the Financial Industry Regulatory Authority’s (FINRA) Trade Reporting and Compliance

Engine (TRACE). According to the Federal Reserve’s Flow of Funds statement, insurance
companies owned on average about 25% of outstanding corporate debt between 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 methodology
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 compo-
nent 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 inven-
tory financing costs. Quantifying the dealer-specific subcomponent requires dealer identities.

I find that the financing costs faced by dealers explain a substantial fraction of the in-

before the repo agreement was rewound again in the afternoon. This reliance on clearing banks created
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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ventory 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 unconstrained 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 subsam-
ple 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 trans-
action 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
depository institutions. As such, it provided an exogenous, positive shock to funding
availability obtainable only for a subset of dealers. Exploiting this quasi-natural experi-
ment, I differentiate the liquidity provision of dealers with access (the treatment group)
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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 between
eligible and ineligible dealers, which jumps to 17.5 cents for high-volatility bonds suggest-
ing improvements in eligible dealers’ abilities to commit financing to riskier trading 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 pro-
vision 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 liquid-
ity. 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. Randall
(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 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)
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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 positions 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. Moreover, 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 defaulted bond
issues. Using dealer balance sheet and income statement variables (i.e, not considering
dealer CDS spreads), Adrian et al. (2016) compute volume-weighted averages 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 crisis, among other
things, higher leverage, higher liquidity mismatch, and higher financial vulnerability are
associated with higher bond liquidity, while during the post-crisis regulation 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
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constraints, there are also clear differences: First, as opposed 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 2 introduces a reduced-form
model of dealer liquidity provision based on which I estimate the effective spread of corporate
bonds. Section 3 outlines the sample construction and provides a general description of
the data. Section 4 provides the baseline results illustrating the relation between dealer-
specific inventory costs and bond liquidity. Section 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 6 concludes.

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 2.1 explains how I make the inventory component a function in
dealer-specific inventory financing costs. Subsection 2.2 details the implementation of the
regression model to the data.

2.1 Price Impact Regression Model

The model builds on the price impact regression methodology 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). These models allow for a three-way decomposition of
the bid-ask spread to distinguish order-processing costs, adverse selection costs, and inven-
tory holding costs. This paper aims to improve the understanding of the subcomponents
contributing to total inventory costs where my focus is on dealers’ costs 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
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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
2S

i
tk,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
Si
tk,n

�
�tk , �

i
tk
, �i

t,n

�
dtk,n (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

+ ✏tk,n � �i
t,nI

i
tk,n

(2)

where ✏tk,n is a mean-zero, serially uncorrelated public information shock, and �i
t,n reflects

inventory costs for dealer i’s aggregate inventory I itk,n.
The bid-ask spread, Si

tk,n
(·), is a function of adverse selection costs (�tk), order-

processing costs (�i
tk

), and inventory costs (�i
t,n) where each cost component may contain

further subcomponents. The half-spread takes the following form:

1

2
Si
tk,n

�
�tk , �

i
tk
, �i

t,n

�
dtk,n = �tkdtk,n + �i

t,nqtk,n + �i
tk
dtk,n (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 component

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

�tkdtk,n = �1

�
qtk,n � E[qtk,n|⌦tk�1,n]

�
(4)

where
�
qtk,n � E[qtk,n|⌦tk�1,n]

�
reflects the unexpected component in the order flow such that

�1 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)).

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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The term �i
t captures the inventory costs associated with trade size qtk,n and follows

�i
t,n = �0 +

10X

r=2

�0,r CRr
t,n + �1 SYS_RVt,n + �2 IDIO_RVt,n + �3 TEDt + �4 CDSi

t (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
CDSi

t is dealer i’s CDS spread on trading day t. This means that I separate total inventory
costs, �i

t,n, into four subcomponents: First, a time-invariant intercept, �0, that is related to
dealer risk preferences as it captures the component of inventory costs that a non-defaultable
dealer (CDSi

t = 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 �0,r), which are a
function of a bond’s credit rating. Third, bond-specific inventory price risks (captured by
�1 and �2), 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 �3) and the share of inventory financing costs that can be attributed to dealer-
specific funding rates (captured by �4). 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 dealer’s CDS
spread picks up the cross-sectional dimension in inventory financing needs.

The linear specification for the order-processing cost component, �i
tk

, takes into account
trade size as well as dealer i’s market share:

�i
tk
= �0 + �1 MSi

t + �2 |qtk,n| (6)

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 mechanically
show larger price-to-price changes).

9

http://andreasrapp.net/Online_Appendices/Online_Appendix_Rapp_Middlemen_Matter.pdf


where �0 captures round-trip costs per $100-par, �1 captures potential markups or discounts
due to a dealer’s market share,11 and �2 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 matching). 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 evalu-
ate 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 = �qtk�1,n + ⌘tk,n . (7)

The assumption underlying this process of trade flows is justified by the fact that market
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 (7) yields the unexpected order flow,
⌘tk ⌘ qtk,n �E[qtk,n|⌦tk�1,n] = qtk,n � �qtk�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
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:

11MSi
t defined as the ratio of trades per dealer per month to the total number of trades per month.

12For robustness, I estimate equations (7) and (8) simultaneously using a GMM approach and HAC
standard errors (Newey and West (1987)).
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pitk,n � pjtk�1,n
= ↵n + �0�dtk,n + �1

�
MSi

tdtk,n � MSj
tdtk�1,n

�
+ �2�qtk,n

+ �1

�
qtk,n � �qtk�1,n

�

+ �0�qtk,n � �0

�
I itk,n � Ijtk�1,n

�

+
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�
I itk,n � Ijtk�1,n

�

+ �2IDIO_RVt,n�qtk,n � �2IDIO_RVt,n

�
I itk,n � Ijtk�1,n

�

+ �3TEDt�qtk,n � �3TEDt

�
I itk,n � Ijtk�1,n

�
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�
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tqtk,n � CDSj
tqtk�1,n

�
� �4

�
CDSi

tI
i
tk,n

� CDSj
tI

j
tk�1,n

�
+ ✏tk,n (8)

where � is the first difference operator, and the error term, ✏tk,n, is assumed to be zero on
average and uncorrelated with the explanatory variables. To account for potential nonlinear-
ities in the cost components I employ a piecewise linear regression setup to (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, ↵n, capturing average bond
returns between transactions (i.e., a non-zero mean of ✏tk,n), the price impact regression
equation resembles a fixed-effects (FE) regression model.

Thus, I first estimate the probability of trade reversal, �, in equation (7) using OLS
regression and subsequently run the fixed-effects regression in equation (8) to estimate the
half-spread subcomponents (�1, �0, �0,r, �1, �2, �3, �4, �0, �1, �2). Remaining econometric is-
sues concerning the error term may be the following: The variance of the errors is unspecified
by the model. For several reasons it is likely that they are heteroskedastic (e.g., varying with
trade size, or time of the trading day). Should equation (1) not be exact and contain addi-
tional 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

13Trade size above $20 million (98.5th percentile) is capped to reduce the influence of very large transac-
tion.
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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 de-
pendence 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 correlation structure between the days remains the same while for each trading day
the number of trades occurring varies randomly.

2.2 Implementation with the Data

The richness of the dataset allows me to regress equation (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 (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 reliably infer inventory levels. As a result, I am required to
drop all those regressors involving inventory levels from equation (8).

Moreover, inventory data is necessary to separately identify both �0 and the order-
processing subcomponent �2 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, � 0

2 = �0 + �2. While I present this joint term as the estimate on �2 in Subsection 4.1

14A test for cross-sectional dependence in the residuals reject the null hypothesis of cross-sectional inde-
pendence (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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it should be understood as the sum of the two coefficients. Using same dealer trade pairs in
Subsection 4.2, I am eventually able to decompose �

0
2 and report �0 and �2 separately.

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

pitk,n � pjtk�1,n
= ↵n + �0�dtk,n + �1

�
MSi

tdtk,n � MSj
tdtk�1,n

�
+ �2�qtk,n

+ �1

�
qtk,n � �qtk�1,n

�

+
10X

r=2

�0,r CRr
t,n�qtk,n

+ �1SYS_RVt,n�qtk,n + �2IDIO_RVt,n�qtk,n

+ �3TEDt�qtk,n + �4

�
CDSi

tqtk,n � CDSj
tqtk�1,n

�
+ ✏tk,n (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) the terms CDSl

t and MSl
t for l = {i, j} in equation (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. Al-
lowing 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 (8) accordingly yields the following regression equation

pitk,n � pitk�l,n
= ↵n + �0

�
dtk,n � dtk�l,n

�
+ �1MSi

t

�
dtk,n � dtk�l,n

�
+ �2

�
qtk,n � qtk�l,n

�

+ �1

�
qtk,n � �qtk�l,n

�

+ �0qtk,n +
10X

r=2

�0,r CRr
t,nqtk,n

+ �1SYS_RVt,nqtk,n + �2IDIO_RVt,nqtk,n

+ �3TEDtqtk,n + �4CDSi
tqtk,n + ✏tk (10)

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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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 approxi-

mation I can separately identify �0 and �2. 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 transaction
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 10 needs to be adapted with respect to the intermediate order
flow innovation. For the price difference pitk,n � pitk�2,n

this implies the innovation follows
�1

�
⌘tk,n + ⌘tk�1,n

�
. In order to correct for a potential omission I compute a price pairs order

flow innovation by including any intermediate trades. Notably, the regression error term also
accumulates to

�
✏tk,n + ✏tk�1,n

�
. Both the number of order 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 itk�2,n

= �qtk�1,n � qtk�2,n but assumed to be
I itk,n � I itk�2,n

= �qtk�2,n.

3 Data

3.1 Sample Construction

The dataset primarily builds on two databases: First, I use the insurance companies’ trans-
action data from the NAIC. The latter records the identity of the dealer engaged 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 con-
tain 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 principal or agency capac-

17The 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) 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.
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ity, 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)). No-
tably, 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 Securities 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 positions 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). Impor-
tantly, this threshold reflects the TRACE dissemination 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 cleaning in TRACE involves eliminating erroneous trade re-
ports (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 commis-
sion) 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

19In the application of filters I stick to the literature, in particular see, Asquith et al. (2013).
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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 process 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. 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 computed
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 char-
acteristics of a matched TRACE trade with the previous and subsequent TRACE trade.22

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.

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
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In case I am pairing two matched TRACE trades I can relate the dealer-specific charac-
teristics, CDSl

t and MSl
t for l = {i, j}, to the transaction price difference. Unfortunately,

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 differenced 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 sub-
sample 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 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.

3.2 Bond Characteristics

Table 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

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 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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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)).

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 plausible 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
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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), 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 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, highlighted
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 November 2011 and quintile
spreads start to diverge up to 200 bps again. Overall, dealer CDS spreads appear to be
a reasonable substitute for short-term funding rates in that they increase during peri-
ods 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%)

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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where the standard deviation is given by 3.2%. To illustrate the cross-sectional differences
in dealers’ trading activity the panels in Figure 3 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.

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 es-
tablish whether cross-sectional differences in dealer-specific inventory financing costs explain
variation in the inventory cost component of corporate bonds’ bid-ask spreads. Subsection
4.1 holds the analysis for different dealer trade pairs while Subsection 4.2 studies spread
components using the subsample of same dealer trade pairs. Subsection 4.3 contains the
analysis of bid-ask spread components over time.

4.1 Baseline Regression Results (different dealer trade pairs)

Table 2 holds the estimation results of equations (7) and (9). The estimated spread compo-
nents are to be understood in the context of a half-spread as given in equation (3),

1

2
Si
tk,n

dtk,n = �tkdtk,n + �i
t,nqtk,n + �i

tk
dtk,n
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where a trade of size qtk,n is preceded by a transaction of size qtk�1,n. Importantly, inventory
costs, �i

t,n, consist of five subcomponents: first, bond credit risks which are an input for
Basel risk weights (captured by �0,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 �1 and �2 respectively); as well as, fourth and fifth, systematic and
dealer-specific credit risks that contribute to inventory financing costs (captured by �3 and
�4 respectively). The empirical focus is on �4.

Insert Table 2 here

To begin with, consider the first-stage regression results:26 the first-order serial correlation
coefficient, �, is given by -0.159, which appears to be in accordance with theoretical predic-
tions of inventory control. As inventory financing becomes more costly and trading positions
are riskier � becomes more negative, which appears to be an indication of more pronounced
inventory management (see, e.g., Section 5).

The second-stage estimates in Table 2 confirm the importance of inventory costs. First,
consider the coefficient associated with dealer-specific inventory financing costs, �4: through-
out 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’ in-
ventory financing costs widen the bid-ask spreads of corporate bonds. Consider the baseline
results in specification 1, for example. The estimate of �4 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., �4(CDSi

t ⇥ qtk))
and an increasing function in both a dealer’s CDS spread as well as trade size (see Table
3 for a comparison of transaction costs). The effect remains robust throughout the vari-
ous 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, �3, is also positive and statistically

26Specifications 2 to 6 of Table 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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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 �1 and �2, 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 stand-
point, 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, �0,r, can be found in Table 6. Clearly, as a
bond’s credit rating deteriorates the impact on the bid-ask spread increases both in magni-
tude 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, �i
t,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.

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 �5+

4 suggests that the effect of dealer-specific inventory costs on liquidity pro-
vision 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
�5+
2 (t-stat= �1.26) indicating that compensation for idiosyncratic price risks is not or less
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affected by larger trade size. As illustrated in Table 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, �1, 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
�5+
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, �i

tk
, are largely dependent on the trade size. I find �0, which captures the

round-trip costs per $100-par, to be 27.5 cents. A dealer’s market share, captured in the
subcomponent �1, 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, �2, is negative:
for a $1 million trade the half-spread declines by 7.38 cents. Given that �5+

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 3 contains effective half-spreads for different trade sizes, CDS spreads, and
realized bond volatilities. Holding the order flow characteristics constant at their average
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 inventory 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 ⌘tk,n = qtk,n � �E[qtk�1,n|qtk,n] = qtk,n(1� �2).27 Then,

27I leave the size of qtk�1,n undetermined. Under the implicit assumption that the AR(1) error is Gaussian
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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 offset by larger inventory costs. That is, “quantity discounts”
are the driving factor behind narrower bid-ask spreads.

Insert Table 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).

4.2 Regression Results (same dealer trade pairs)

Table 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 (7) and (10)). In this
implementation of the price impact regression I can separately identify the time-invariant
intercept captured in �0 and �2.

Insert Table 4 here

In comparison to Table 2 the estimate of � more than doubles to -0.40 suggesting more pro-
nounced 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

white noise and using the projection theorem we have E[qtk�1,n|qtk,n] = �qtk,n.
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trade pairs, which are by definition strongly negatively correlated.
Throughout all specifications �0 is negative, economically meaningful, and significantly

different from zero. At the same time, I find �0 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 �0 implies that for a $1 million trade
insurers receive a 3.15 cents per $100-par price concession. Given the prevalence of offsetting
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 �0 can be interpreted 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 �5+

0 is
positive and statistically significant, offsetting price concessions appear 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, �4, 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, 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 4.1. In particular, �1 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

28Without dealer inventories or the identities of insurance companies it is difficult to tell �0 and �0 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 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.

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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ratings still holds (see Table 6) they play a much smaller role and are mostly insignificant.
Comparing the estimates for the adverse selection cost component, �1, in specifications 1

and 2 highlights the importance of correcting for intermediate order flow innovations, which
underscores the need for time stamps. In comparison to Subsection 4.1, the subcomponents
that make up order-processing costs, �i

tk
, are all positive now. However, �0 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 (9) instead of
equation (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 itk�l,n

. In comparison to
specification 1, the estimate for �4 is considerably smaller. Keeping in mind that equation
(10) itself builds on an approximation of inventory changes, it appears that the bias from
dropping inventory terms in equation (9) tends to reduce estimates. As such, inventory
effects in Subsection 4.1 could be underestimated.

In specification 6, I nest the inventory subcomponents of regression equations (9) and
(10) such that �i

t,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 financing, �4, appears
to be hardly affected by the inclusion of the additional regressors

�
CDSi

tqtk,n � CDSi
tqtk�1,n

�

given in the last column. In fact, with the exception of �⇤
1 the inventory coefficients coming

from equation (9) are all insignificant. While a joint F-test including �⇤
1 cannot be rejected

(p-value= 0.003) the joint effect does not obtain strong significance once I exclude �⇤
1

(p-value= 0.099).

Insert Table 5 here

Table 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
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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 4.1. The total
contribution of inventory costs matters much less though. In fact, the inventory intercept,
�0, appears to be the key determinant reducing the impact of inventory costs on bid-ask
spreads.

4.3 Bid-Ask Spread Component Variation over Time

Time-variation in dealers’ liquidity provision should reflect changes in their cost of providing
liquidity. For this purpose, I re-estimate equations (7) and (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 4 and 5 here

Figure 4 illustrates that there is indeed substantial time-variation in the average effective
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 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

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 �tk are noisy
and negative at the beginning of the sample period.

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.
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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 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 introduction 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 (2012)).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,
�, suggests that active inventory management has become more important ever since the
financial crisis (see Figure 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)).

5 Dealer Funding Constraints and the Financial Crisis

The inventory spread component, �i
t,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 be-
come 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

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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short-term funding markets for selection of dealer subsidiaries (December 17, 2007 to March
17, 2008). In Subsection 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 qual-

ity” hypothesis proposed by Brunnermeier and Pedersen (2009)). In Subsection 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.

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 negative 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 hoarding 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) 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 (7) and (9) on a period
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, �i

t,n. As a reference point I start the analysis with 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 7.

Insert Table 7 here

Let me start with the estimates for all bonds (specifications 1 and 2): In the pre-stress
period, with the exception of �1, all relevant estimates are still consistent with the baseline
findings (i.e., correct signs and comparable, (significant) magnitudes). Without funding
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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 apparent
changes though. The estimate of � 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
�0, �2, �3 as well as dealer-specific financing costs, �4. 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 idiosyncratic price risks, �3,
increases by 43% from 1.29 cents to 1.47 cents per $100-par. While the coefficient associated
with dealer-specific inventory financing risk, �4, 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 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 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 financing stress)
“when [dealer] capital deteriorates, which induces [dealers] to mostly provide 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 7). In the pre-
stress period, both subsamples show similar estimates for dealer-specific inventory financing
costs, �4, 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 subsample 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, �4 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
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spread (see Table 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 effective 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 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.

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 esca-
lated, peaking in the takeover of Bear Stearns on March 16, 2008, two additional emergency
facilities were opened that largely targeted those investment banks and important 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 December 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.

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.
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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 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 between
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 relaxation of
funding constraints that should markedly reduce the bid-ask spread sensitivity 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 7 allows a graphical
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

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 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)).

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.
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values on the TAF announcement date. In the pre-treatment period the effective 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 economically: 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 (9) to a
difference-in-differences (DiD) framework. Specifically, I create the dealer-specific variable,
�iFED, that is equal to one if a dealer’s parent company has access to the TAF and zero
otherwise, and an indicator variable, �t,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,

�
MSi

t ⇥ CDSi
t

�
. This

additional subcomponent augments the half-spread in equation (3) with the following terms:

MSi
t CDSi

t

⇣
�5 + �f

5 �
i
FED + �p

5 �t,POST + �fp
5 �iFED �t,POST

⌘
(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 �fp

5 (i.e., the DiD estimate).
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.

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 significant 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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For trade pairs including unmatched TRACE trades I replace �iFED with its expectation in
the pre-treatment period such that E[�iFED|�t,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 because 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 9.

Insert Table 9 here

Consider specification 1: the DiD estimate, �fp
5 , capturing the difference between the treated

and the control over time given access to the TAF is �0.87 cent for each $1 million 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 relaxation 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 �f

5 and statistically signif-
icant) as well as any common trend affecting both groups (captured in �p

5 but statistical
insignificant). These estimates suggest that treated dealers 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 and the control is lowered significantly to
merely 0.1 cent. At the same time, however, both groups were similarly affected by increas-
ing funding strains visible in the rising CDS spreads of Figure 6. This is where the effect
of the Federal Reserve funding support 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 7 as
it indicates 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.

Specification 2 of Table 9 indicates that for a high-volatility bond, �fp
5 , 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 re-
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laxation of financial constraints, which appears consistent with the findings in Subsection 5.1.

Insert Table 10 here

Table 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 �fp

5 . 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.

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 inventories 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
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that dealers’ financing constraints matter for the cost of liquidity in corporate bond mar-
kets. 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 inventory 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 con-
cessions 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 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 cri-
sis. I find that industry-wide strains in short-term funding markets increase the relative
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 fi-
nancing constraints limiting dealer risk-bearing capacities especially for inventory-intensive,
high-volatility bonds. Transaction costs for the latter, in comparison 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 Pedersen (2009). The liquidity dif-
ferential 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
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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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Figure 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: 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 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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Figure 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 5: Time-Variation in Order-Flow Autoregression Parameter

Note: The figure illustrates the fluctuation of the estimated order flow autocorrelation parameter, �.
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Figure 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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Figure 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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Table 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: 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
� -0.1572 -0.1572 -0.1572 -0.1572 -0.1572 0.0559

(-81.90) (-81.90) (-81.90) (-81.90) (-81.90) (5.90)
�5+ -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
�0 0.2750 0.2690 0.2840 0.2750 0.2830 0.2105

(106.40) (92.50) (98.00) (117.50) (130.90) (17.62)
�1 -0.0029 -0.0020 -0.0040 -0.0028 -0.0029 -0.0048

(-7.72) (-5.10) (-8.71) (-7.23) (-8.01) (-2.88)
�2 -0.0738 -0.0761 -0.0773 -0.0735 -0.0838 -0.0558

(-28.89) (-26.95) (-22.64) (-29.23) (-46.84) (-5.10)
�5+
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)
�1 0.0038 0.0034 0.0057 0.0038 0.0037 0.0007

(4.80) (4.03) (5.27) (5.22) (4.42) (0.24)
�5+
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)
�1 -0.0027 -0.0004 -0.0026 -0.0025 -0.0024 0.0216

(-1.53) (-0.18) (-1.34) (-1.77) (-1.72) (1.22)
�5+
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)
�2 0.0128 0.0118 0.0145 0.0125 0.0133 0.0086

(12.50) (10.21) (11.51) (12.40) (13.32) (1.12)
�5+
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)
�3 0.0055 0.0065 0.0054 0.0051 0.0061 0.0361

(3.77) (3.63) (2.83) (3.38) (4.32) (2.19)
�5+
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)
�4 0.0100 0.0099 0.0111 0.0099 0.0102 0.0066

(14.45) (12.02) (12.23) (15.62) (16.07) (2.47)
�5+
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 �i

t = 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. Specification

(1) holds results for the fixed-effects regression setup (as specified in equation (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 (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 �i
t = 0.
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Table 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. 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

⌘tk,n = qtk,n � �E[qtk�1,n|qtk,n] = qtk,n(1� �2), which contains the estimated first-order serial correlation coefficient, �. 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 4: Regression Estimates (same dealer trade pairs)

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

FE FE FE OLS FE FE
Baseline (no � fix) (Clustered) (Bootstrap) (Eq. 9 vs. 10) (Nested model)

1st Stage
� -0.4030 -0.4030 -0.4030 -0.4030 -0.4030 -0.4030

(-38.64) (-38.64) (-38.64) (-38.64) (-38.64) (-38.64)
�5+ -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
�0 0.1020 0.1020 0.1020 0.1200 0.1060 0.1050

(6.74) (6.74) (6.78) (11.13) (6.95) (6.69)
�1 0.0029 0.0028 0.0029 0.0016 0.0020 0.0024

(1.84) (1.77) (1.83) (1.35) (1.27) (1.45)
�2 0.0093 0.0083 0.0093 0.0063 -0.0034 0.0055

(2.09) (1.52) (2.14) (1.68) (-0.76) (0.86)
�5+
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)
�1 0.0037 0.0007 0.0037 0.0028 0.0028 0.0034

(1.15) (0.06) (1.12) (0.95) (1.13) (1.06)
�5+
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)
�0 -0.0315 -0.0271 -0.0315 -0.0343 -0.0342

(-1.80) (-1.22) (-1.86) (-2.09) (-1.69)
�5+
0 0.0175 0.0101 0.0175 0.0117 0.0287

(1.23) (0.48) (1.18) (0.85) (2.09)
�1 -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)
�5+
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)
�2 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)
�5+
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)
�3 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)
�5+
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)
�4 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)
�5+
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 (�i

t = 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 estimates

(see equation (10)). In (2) intermediate order flow innovations are ignored (see Subsection 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 (9) instead of (10), and (6) nests the inventory subcomponents of equation (9) into equation (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 (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 �i
t = 0.
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Table 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 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

⌘tk,n = qtk,n � �E[qtk�1,n|qtk,n] = qtk,n(1� �2), which contains the estimated first-order serial correlation coefficient, �. 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 6: Rating Dummy Estimates

FE (Different Dealers) FE (Same Dealer)

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

2nd Stage

�0,2 (Aa1) 0.0063 0.0151 0.0181 -0.0173
(1.27) (1.70) (0.73) (-0.39)

�0,3 (Aa2) 0.0092 0.0051 0.0187 -0.0242
(3.08) (1.28) (1.37) (-1.35)

�0,4 (Aa3) 0.0074 0.0038 0.0335 -0.0284
(2.45) (1.02) (2.59) (-1.61)

�0,5 (A1) 0.0084 0.0081 0.0113 -0.0016
(3.29) (2.34) (1.02) (-0.10)

�0,6 (A2) 0.0112 0.0089 0.0156 -0.0066
(4.40) (2.60) (1.38) (-0.40)

�0,7 (A3) 0.0149 0.0129 0.0304 -0.0041
(5.76) (3.70) (2.63) (-0.24)

�0,8 (Baa1) 0.0218 0.0205 0.0222 0.0066
(8.00) (5.47) (1.95) (0.40)

�0,9 (Baa2) 0.0184 0.0165 0.0239 0.0003
(7.02) (4.52) (2.26) (0.02)

�0,10 (Baa3) 0.0180 0.0160 0.0186 -0.0031
(6.63) (4.31) (1.28) (-0.17)

�5+
0,2 (Aa1) -0.0021 -0.0082 0.0058 0.0672

(-0.81) (-1.57) (0.44) (1.32)
�5+
0,3 (Aa2) 0.0003 -0.0017 0.0033 0.0097

(0.17) (-0.66) (0.31) (0.87)
�5+
0,4 (Aa3) -0.0009 -0.0023 -0.0130 0.0201

(-0.50) (-0.87) (-1.29) (1.66)
�5+
0,5 (A1) 0.0017 -0.0016 0.0108 0.0073

(1.13) (-0.72) (1.43) (0.48)
�5+
0,6 (A2) -0.0001 -0.0029 -0.0034 0.0092

(-0.05) (-1.24) (-0.42) (0.67)
�5+
0,7 (A3) 0.0006 -0.0061 -0.0061 0.0051

(0.33) (-2.30) (-0.78) (0.41)
�5+
0,8 (Baa1) -0.0031 -0.0062 -0.0029 0.0046

(-1.61) (-2.07) (-0.37) (0.36)
�5+
0,9 (Baa2) -0.0016 -0.0048 -0.0068 0.0047

(-0.85) (-1.67) (-0.90) (0.38)
�5+
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 �0,r for the variable CRr
t,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. Specification

(2) holds the rating estimates for the pre-stress specification (1) given in Table 7 while specification (3) holds those for the

stress specification (2) of Table 7. Specification (4) gives the rating estimates for the same dealer trade pair specification (1)

of Table 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 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
� -0.1020 -0.1980 -0.1540 -0.2650 -0.0408 -0.1390

(-36.63) (-15.68) (-37.47) (-14.31) (-10.65) (-7.88)
�5+ -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
�0 0.2160 0.2690 0.2850 0.3590 0.1720 0.2170

(68.75) (23.75) (46.67) (13.88) (54.96) (20.41)
�1 -0.0035 0.0015 -0.0018 0.0064 -0.0054 -0.0030

(-6.99) (0.80) (-2.02) (1.48) (-10.34) (-1.84)
�2 -0.0662 -0.1090 -0.0728 -0.1350 -0.0607 -0.0925

(-15.19) (-8.01) (-8.14) (-5.42) (-9.95) (-6.04)
�5+
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)
�1 0.0013 0.0053 0.0021 0.0100 0.0004 0.0056

(1.17) (1.21) (1.17) (1.16) (0.37) (1.15)
�5+
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)
�1 0.0049 0.0352 0.0037 0.0460 0.0069 -0.0023

(1.18) (1.49) (0.88) (1.58) (0.50) (-0.08)
�5+
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)
�2 0.0129 0.0185 0.0097 0.0203 0.0208 0.0782

(7.81) (4.42) (5.07) (3.81) (2.68) (4.00)
�5+
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)
�3 0.0016 0.0083 -0.0135 0.0105 0.0180 0.0038

(0.36) (1.62) (-1.91) (1.21) (2.64) (0.55)
�5+
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)
�4 0.0443 0.0256 0.0494 0.0445 0.0422 0.0068

(8.50) (2.72) (5.54) (2.47) (7.01) (0.71)
�5+
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 (�i

t = 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 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 (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 �i
t = 0.
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Table 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 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

⌘tk,n = qtk,n � �E[qtk�1,n|qtk,n] = qtk,n(1� �2), which contains the estimated first-order serial correlation coefficient, �. 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%).

50



Table 9: Federal Reserve Credit Facility Access (different dealer trades)

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

1st Stage
� -0.2072 -0.2658 -0.1491

(-22.54) (-19.63) (-11.71)
�5+ -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]
�0 0.3710 0.4770 0.2910

(26.64) (17.03) (25.16)
�1 -0.0135 -0.0132 -0.0132

(-5.03) (-2.63) (-4.72)
�2 -0.0976 -0.1220 -0.0786

(-7.98) (-5.58) (-6.05)
�5+
2 0.0222 0.0220 0.0367

(2.55) (1.45) (3.60)
�1 0.0108 0.0123 0.0104

(2.56) (1.84) (2.15)
�5+
1 0.0013 0.0102 -0.0067

(0.40) (2.01) (-1.83)
�1 0.0033 0.0110 -0.0619

(0.20) (0.63) (-2.81)
�5+
1 -0.0011 -0.0052 0.0090

(-0.10) (-0.45) (0.68)
�2 0.0138 0.0081 0.0638

(3.37) (1.93) (4.30)
�5+
2 0.0009 -0.0003 -0.0333

(0.27) (-0.07) (-2.52)
�3 -0.0015 0.0003 -0.0024

(-0.31) (0.04) (-0.48)
�5+
3 0.0005 -0.0009 -0.0008

(0.14) (-0.16) (-0.19)
�4 0.0110 0.0153 0.0078

(1.37) (1.27) (0.71)
�5+
4 -0.0053 0.0045 -0.0096

(-0.82) (0.43) (-1.13)
�5 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)
�5+
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., �iFED and �t,POST ; see Subsection 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 �iFED�t,POST (i.e., the DiD estimates), [p] holds the interactions with �t,POST , and

[f] holds the interactions with �iFED. 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 (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 �4 = �5 = �fp
5 = �p

5 = �f
5 = 0 for trades smaller $5 million.
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Table 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
- MS

i
t ⇥ CDS

i
t 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 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 ⌘tk,n = qtk,n � �E[qtk�1,n|qtk,n] = qtk,n(1 � �2), which contains the estimated first-order serial correlation coefficient, �. 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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