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Abstract

This dissertation studies how financial markets can be distorted by institutions and their trading frictions.

In particular, I study how thin and illiquid markets, concentrated risks and intermediaries’ asset inventory

lead to financial and agency frictions in three fixed income settings: corporate bond exchange-traded fund

(ETF) arbitrage, Treasury security auction spillovers, and variance risk pricing in the equity options market.

The first chapter studies the role of liquidity mismatch in the arbitrage of ETFs with illiquid underlying

assets. ETF arbitrage can become distorted as a result of authorized participants’ dual roles as bond dealers

in the underlying corporate bond market as well as the only intermediaries able to perform bond-ETF

arbitrage. Using novel and granular data on ETF arbitrage and AP corporate bond inventory, we show

empirical evidence consistent with a potential distortion of ETF arbitrage due to inventory management

motives, as well as asset price dynamics – both in the ETF and in the underlying bond market – due to

persistent relative ETF mispricings.

The second chapter examines cross-asset market spillovers in the corporate bond market following

anticipated and repeated Treasury security auction supply shocks. Supply shocks must be absorbed on

short notice by a limited set of investors – primary dealers – whose inter-temporal intermediation frictions

require an initial corporate bond price impact followed by a price reversal. Corporate bond price impacts

can be capitalized using trading strategies in assets with liquid credit exposure. These results are related

to slow-moving capital and primary dealers’ limited risk-bearing capacity, with direct implications for

unconventional monetary policy.

The third chapter shows that variance risk can be decomposed into a systematic component, earning a

negative price of risk, and a (common) idiosyncratic component, earning a positive price of risk. Tension

between the prices of risk provides a rational explanation for variance pricing differences across equity

options, equity index options, and equities. Novel data on option market maker inventory risk in a large

cross-section of equity options is used to characterize the dependence of variance risk premia on option

market makers’ inventory risk and limited risk-bearing capacity.
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Introduction

Standard asset pricing models assume the existence of a representative agent whose neoclassical

tradeoff between the marginal value of consumption and the marginal value of invested wealth determines

equilibrium asset prices. Nevertheless, a large literature has documented a variety of anomalies that

are at odds with these standard models.1 The typical literature exploring these market anomalies have

concentrated on the process of arbitrage following some demand or supply shock. One behavioral view of

market anomalies takes non-fundamental shocks arising from investor irrationality as given and posits

that arbitrageurs are unable to fully correct price discrepancies; a more rational view suggests limited

participation of intermediaries who have risk aversion or limited capital which may generate delayed price

responses to shocks.

This dissertation takes an alternative, but not necessarily mutually exclusive, view that many market

anomalies can be understood by jointly considering limits to arbitrage and market shocks in a setting that

emphasizes financial institutions and their frictions related to agency and market structure. In particular, the

chapters of this dissertation focus on market anomalies in fixed income markets. In these markets, arbitrage

– and more generally, intermediation – is often performed by a limited set of specialized institutions in an

opaque and thin market structure. The trading and risk management of these specialized institutions are

hence affected by agency and financial frictions that result from institutional features of these markets – that

is, institutional frictions.2 These institutional frictions constrain financial intermediation and simultaneously

generate non-fundamental demand and supply shocks. As a result, financial institutions both cause and

1For example, the predictability of asset prices based on past returns (e.g., long-run reversal in De Bondt and Thaler (1985), the
value effect in Fama and French (1992), and short-run momentum in Jegadeesh and Titman (1993)), violations of law of one price (e.g.,
Siamese-twin stocks in Froot and Dabora (1999) and parent-subsidiary pricing in Mitchell et al. (2002)), index inclusion effects (e.g.,
S&P 500 stock inclusions in Shleifer (1986)), and slow predictable price recoveries (e.g., behavior of stock prices following mutual
fund fire sales in Coval and Stafford (2007)). In response, a variety of explanations have been proposed including behavioral theories
(e.g., Hong and Stein (1999), Barberis and Shleifer (2003) and Barberis and Thaler (2003)) and rational frictions (e.g., intermediation
frictions, Grossman and Miller (1988); performance-based arbitrage, Shleifer and Vishny (1997); limited attention, Duffie (2010); margin
constraints, Gârleanu and Pedersen (2011); liquidity and costly search, Duffie et al. (2007)).

2Institutional frictions manifest, for example, as institutional impediments to capital movement, differences in market liquidity,
contractual inefficiencies, segmented markets or limited set of market participants as a result of market regulation, and agency
frictions which cause risk-averse or capital-constrained optimization.

1



limit market anomalies, and their institutional frictions have important implications for asset (or even

cross-asset) price dynamics. The essays in this dissertation examines anomalies in fixed income markets and

studies the role of various institutional frictions in asset pricing and intermediation, asking in particular:

• who are the arbitrageurs?

• what is the nature of the shock?

• what frictions or constraints prevent the arbitrage or intermediation required to align prices to

fundamental values?

• how are asset price dynamics affected by arbitrageurs’ trading decisions?

The first chapter, joint with Yao Zeng, examines the role of liquidity mismatch on the arbitrage of

liquid exchange-trade funds (ETFs) holding relatively illiquid underlying assets. This particular setting

provides additional insights to the literature on limits to arbitrage because of the time-certainty of ETF

arbitrage (unlike closed-end mutual funds) as well as the special role played by authorized participants

(APs), who are the only financial intermediaries able to create and redeem new ETF shares (unlike open-end

mutual funds). For corporate bond ETFs, these APs are large (capital-constrained) broker-dealers with

responsibilities in bond intermediation or market-making in addition to their role as bond-ETF arbitrageurs.

These two roles results in a tension between the use of ETF creations and redemptions to align ETF prices

and/or to manage illiquid bond inventory. Using detailed, micro-level data on the ETF arbitrage process

of APs and their corporate bond inventories, this paper shows empirical evidence that when inventory

imbalances are small, APs perform arbitrage to close relative ETF mispricings. ETF arbitrage is however

limited by increases in market volatility and bond market illiquidity which make ETF arbitrage riskier. As

bond inventory imbalances grow larger, APs increasingly use ETFs as a more efficient way of managing

bond inventory in contrast to trading in the illiquid over-the-counter market. These arbitrage dynamics in

turn have implications for both the ETF market (as a result of the return predictability following persistent

relative ETF mispricings) and in the underlying bond market (as a result of ETF arbitrage itself).

The second chapter examines the cross-market price impacts following repeated and anticipated supply

shocks due to Treasury auctions. In particular, I show that primary dealers’ internal cross-asset inventory

and risk management causes price impacts in the corporate bond market as a result of Treasury security

auctions. Corporate bond returns fall contemporaneously and then subsequently rise in the week following

Treasury supply shocks in primary dealer inventories; this price impact manifests in those corporate

bonds which are close substitutes in rating, duration and liquidity. This cross-asset price impact is not

2



simply a manifestation of interest rate duration but also reflects dynamics in the credit spread. Additional

evidence in support of cross-market price impacts are found in order flows and market illiquidity as well as

profitable trading strategies through assets with more liquid credit exposures. The key institutional friction

in this particular setting arises as a result of a limited set of market participants – primary dealers. Supply

and demand shocks are absorbed on short notice by primary dealers who, as a result of risk aversion

and limited capital, require price concessions to absorb the shock. This research adds to the literature by

identifying price concessions across markets and following anticipated shocks which are repeated.

The third chapter examines the pricing of variance risk in the equity options market. Under the

assumption of a factor structure in equity returns, the decomposition of variance risk premia into its

systematic and (common) idiosyncratic variance risk components reveals prices of risk in opposing signs.

This decomposition helps to reconcile why the literature has failed to find consistent evidence for the sign

and magnitude of variance risk in the cross-section of single-name equity options. Pricing of variance risk

is driven in part by option market makers. Using a new data set of market maker option inventory at

the option underlying level for a large cross-section of equity options, I characterize the dependence of

variance risk premia on the inventory risk of market makers. While market makers are net sellers of equity

index options, the distribution of market maker option inventory for single name equity options is quite

heterogenous, is typically positive and has large negative skew. These characteristics helps to reconcile the

large variation in variance risk premia implied by single name equity options and the negative price of

systematic variance risk but positive price of (common) idiosyncratic variance risk. Given the (relative)

illiquidity of single-name equity options and the concentrated portfolio risk of option market makers,

inventory risk and its state dependence on the capitalization of intermediaries are important determinants

in the pricing of variance risk and reconciles empirical anomalies in the cross-section of equity options.
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Chapter 1

ETF Arbitrage Under Liquidity

Mismatch1

1.1 Introduction

Corporate bond exchange traded funds (ETFs) are characterized by a liquidity mismatch: while the ETF

trades on an exchange, the underlying corporate bonds are traded bilaterally in opaque over-the-counter

markets.2 Proponents of these financial products have argued that liquidity mismatch is not an important

risk by highlighting the abundant liquidity created in the ETF market and the existence of the ETF arbitrage

mechanism. ETFs are thus a positive innovation that improves price discovery and market liquidity in an

otherwise opaque and illiquid bond market.3 In contrast, academics and financial regulators have begun to

point to negative implications of ETFs. Regulators and some market participants have hypothesized that

1This paper was co-authored with Yao Zeng. We thank Zahi Ben-David, Hank Bessembinder, Darrell Duffie, Robin Greenwood,
Sam Hanson, Wei Jiang, Adi Sunderam, and in particular John Campbell, Andrei Shleifer, Jeremy Stein, and Luis Viceira for many
detailed and helpful suggestions. We thank conference and seminar participants at Duke Fuqua, Harvard, UW Foster, and Pacific
Northwest Finance Conference for helpful comments. We particularly thank Alié Diagne, Ola Persson and Jonathan Sokobin of
the Financial Industry Regulatory Authority (FINRA) for providing us with privileged access to a proprietary TRACE data set; we
also thank the Depository Trust & Clearing Corporation for providing data on ETF arbitrage baskets. We are also grateful to two
major ETF sponsors for sharing data on their authorized participants, as well as their respective capital market and institutional
services teams for insightful conversations. Finally, we thank market participants at BNP Paribas, Citigroup, Emeth Partners, Harvard
Management Company, and Susquehanna for conversations that helped us better understand ETF arbitrage. Pan acknowledges the
financial support of the NSF Graduate Research Fellowship (DGE1144152) and Doctoral Dissertation Research Improvement Grant
(1628986).

2ETFs are investment funds that are traded on stock exchanges. The fund hold the assets of a stated index and attempts to closely
track the return profile of that index. ETFs combine features of two common investment funds – open-end and closed-end mutual
funds. Section 1.2 presents a description of the relevant institutional details.

3See Madhavan (2016) for a discussion of the benefits of ETFs to the efficiency of the underlying markets. Industry reports have
also argued for a “non-displayed” secondary market liquidity as a feature of exchange-traded funds. See BlackRock Viewpoint July
2015 “Bond ETFs: Benefits, Challenges, Opportunities” and SSGA SPDR publication “Underneath the Hood of Fixed Income ETFs:
Primary and Secondary Market Dynamics.”
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liquidity mismatch could lead to large price discrepancies and fragility in both the ETF and underlying

bond market.4 A recent academic literature has also highlighted potential risk implications of ETFs from a

market stability and shock transmission perspective; this literature however has focused predominantly on

equity ETFs where there is no liquidity mismatch. Despite the debate, the risks of liquidity mismatch in

corporate bond ETFs and the underlying mechanism giving rise to these risks are unexplored. Can ETFs

written on illiquid assets “fail” at times?

To address this question, we highlight that the natural liquidity mismatch in corporate bond ETFs

results in a unique inventory risk. To align the price of the ETF and the ETFs’ portfolio of corporate bond

holdings, authorized participants (APs) perform arbitrage (i.e., ETF creations and redemptions) by buying

the lower-priced asset, simultaneously selling the higher-priced asset, and directly trading with the ETF

issuer at the end of the trading day. Because corporate bonds are illiquid and cannot be immediately

transacted without incurring large price impacts and high costs of trade, APs hold bond inventory. As a

result of the need to transact in the underlying over-the-counter (OTC) bond market and maintain bond

inventories, APs are also large leveraged broker-dealer institutions designated for bond market-making.

The dual roles of APs as financial intermediaries active in ETF arbitrage (APs are the only intermediaries

able to perform ETF creations and redemptions) and corporate bond market-making generates a new

tension. Because APs are not contractually bound by legal obligations to perform ETF arbitrage, APs may

occasionally become liquidity seekers (perhaps as a result of their bond market-making activities) and

withdraw from ETF arbitrage rather than acting as liquidity providers in the ETF market.

This paper formulates the logic above and shows new evidence that ETF arbitrage is subject to several

frictions in both the underlying bond market and the ETF market. These frictions can reduce the intensity

of ETF arbitrage, resulting in persistent relative mispricing and potential market fragility.5 These frictions

arise more acutely in the corporate bond ETF setting (relative to equity ETFs where there is no liquidity

mismatch) because the dual roles of financial intermediaries as both ETF arbitrageurs and as bond dealers

conflicts more strongly when the underlying asset is relatively illiquid. We formalize this conflict using a

stylized model of ETF arbitrage that highlights the important role liquidity mismatch plays. The model

describes the key role of certain financial intermediaries – authorized participants (APs) – in the ETF

arbitrage mechanism and generates predictions for how market volatility, liquidity mismatch and the APs’

4For example, the former Commissioner of the U.S. Securities and Exchange Commission, Daniel Gallagher, argued
that the lack of liquidity in corporate bond markets may pose systemic risks to the economy and corporate bond mu-
tual funds and ETFs may be a potential channel. See http://www.bloomberg.com/news/articles/2015-03-02/
corporate-bond-market-poses-systemic-risk-sec-s-gallagher-says.

5To be clear, this paper does not take a stand on whether the mispricing is due to the ETF or the underlying bonds (i.e., net asset
value) in the portfolio. Instead, we take the view that relative mispricings exist and reflect an inconsistency in prices of the ETF and its
underlying bonds.
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corporate bond inventory imbalances interact to limit the risk-bearing capacity of these APs. Combining

several unique datasets novel to the literature, we find empirical evidence consistent with the model

predictions. We show empirically how liquidity mismatch and bond inventory positions interact to lower

APs’ sensitivity to arbitrage opportunities, and present evidence on the impact of realized AP arbitrage on

corporate bond returns and liquidity.

To begin, we present a stylized model of ETF arbitrage that shows how a specific “failure” of ETF

arbitrage can occur as a result of two opposing effects: an arbitrage effect and an inventory management effect.

The model focuses on three institutional features: 1) ETF creations and redemptions can only be performed

by APs; 2) liquidity mismatch exists between corporate bonds and the ETF; and 3) APs act both as ETF

arbitrageurs and as bond dealers and they may hold existing bond imbalances initially. In the model,

when the ETF price deviates from the price of the underlying portfolio of bonds, APs (potentially) trade to

arbitrage the relative mispricing. In a frictionless benchmark, for any given ETF premium (discount), APs

short (long) the ETF, long (short) the underlying basket of bonds, and then create (redeem) ETF shares

with the ETF issuer at the end of the trading day to unwind the arbitrage positions. Importantly, in this

frictionless benchmark, the ability to trade with the ETF issuer end-of-day allows APs to more aggressively

perform intraday arbitrage and hence increases the likelihood of consistent relative pricing. However, our

model shows that liquidity mismatch generates an important conflict between APs’ role as bond dealer

and ETF arbitrageur with the potential to limit APs’ arbitrage capacity and possibly leading to even larger

relative mispricings. Two effects arise: an arbitrage effect and an inventory management effect.

When the absolute magnitude of APs’ initial bond imbalances is small, APs perform arbitrage across

markets to close relative mispricings: the arbitrage effect. APs are willing to close relative mispricings when

the marginal benefit of expected arbitrage returns outweighs other costs, including suboptimal inventory

levels. However, AP arbitrage remains far from frictionless and is limited by various frictions related

to liquidity mismatch. For any given initial relative mispricing, the sensitivity of ETF arbitrage by APs

is declining in market volatility, bond market illiquidity and costs of trade. Intuitively, when limits to

arbitrage between the ETF and the underlying bonds become more severe, APs establish smaller arbitrage

positions intraday and hence perform less ETF creations and redemptions resulting in higher residual

relative mispricings.

In contrast, when the absolute magnitude of APs’ initial bond imbalances are large, the inventory

management effect – the motive to trade towards an optimal bond inventory level – becomes dominant and

may even distort ETF arbitrage. While APs may still create and redeem ETF shares, ETF arbitrage may go

in the opposite direction than what would be implied by the initial relative mispricing. Specifically, APs may

choose to create (redeem) more ETF shares when they have extremely positive (negative) bond inventory
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imbalances, regardless of the initial price discrepancy. Surprisingly, the model suggests that APs do even

more ETF creations and redemptions when bond volatility increases or as the bond market becomes more

illiquid. Intuitively, APs strategically use ETF creations and redemptions not to correct relative mispricings

but to unwind bond imbalances, reduce existing inventory risks and facilitate future market-making in

their role as bond dealers. In this sense the ETF arbitrage mechanism becomes “distorted” – creations and

redemptions are disconnected from fundamentals (and/or arbitrage opportunities) and gives rise to the

possibility of larger relative mispricings. More precisely, the ETF arbitrage is distorted not because APs fail

to fully optimize. Instead, APs do optimize, choosing to use creations and redemptions strategically on

account of their existing illiquid bond inventory imbalances, thereby potentially violating the designed

intention of the ETF arbitrage mechanism.

We combine several unique datasets novel to the literature to test the model predictions and draw

further conclusions on the asset pricing implications of ETF arbitrage. First, for the sample period from

2004 to 2015, we obtain historical proprietary lists of APs for each corporate bond ETF from two ETF issuers.

The corporate bond ETFs issued by these two ETF sponsors, which constitute our data sample, represents

on average 83% of the total passive corporate bond ETF assets under management. Second, we obtain a

proprietary version of TRACE, which is a dataset of all secondary market corporate bond transactions,

with dealer identifiers from FINRA which not only allow us to identify counterparties to trades across time

but also allows us to directly identify secondary market bond transactions of APs specifically. Using these

identifiers, we impute bond order flow imbalances on APs’ balance sheets and identify their impact on

APs’ arbitrage activity. Finally, proprietary time-series data on the daily creation and redemption baskets

for each ETF in our sample identifies the subset of bonds used in the ETF arbitrage and hence allows our

empirical design to trace the effect of initial bond pricing and inventory through to realized AP arbitrage.

Overall, the highly granular nature of the data, and the daily-frequency and cross-sectional variation at the

ETF and bond-ETF levels enables us to explore AP arbitrage in-depth.

We find empirical results that are consistent with the model predictions. First, increases in market

volatility and bond market illiquidity reduce ETF arbitrage, consistent with the arbitrage effect and its

limitations. Withdrawals from arbitrage can be quite large and results in consistent price discrepancies

between ETFs and the underlying holdings of corporate bonds. An increase of 1% in the ETF premium

generates an increase in AP arbitrage by 50 basis points; however, as market volatility rises, holding fixed

the ETF premium, AP arbitrage declines: a one standard deviation increase in market volatility generates a

10% decline in AP arbitrage. Moreover, the decrease in arbitrage sensitivity is asymmetrically larger when

the ETF premium is negative. This suggests an asymmetric risk since APs who attempt to correct this

relative mispricing would become even more exposed to risks arising from liquidity mismatch.
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Second, bond inventory generates unique risks to ETF arbitrage through the inventory management

effect. When APs experience extreme bond inventory imbalances, APs’ creation and redemption activities

become less sensitive to perceived arbitrage opportunities, and more sensitive to the amount of their bond

inventory imbalances. While ETF arbitrage goes in the direction of the arbitrage opportunity, suggesting

that the ETF arbitrage channel dominates, a “differences-in-differences” approach comparing ETFs across

inventory scenarios reveals that APs actually do less (more) net redemptions when inventory shocks are

large and positive (negative) despite there being an ETF discount (premium). Furthermore, consistent with

the theory, in such cases of extreme inventory, the sensitivity of ETF arbitrage becomes more acute as the

underlying corporate bonds become more illiquid and/or market volatility increases. Nevertheless, we do

not find evidence of the complete “failure” of ETF arbitrage – perhaps because such a shock under extreme

inventory scenarios has yet to occur.

Third, outside the model, we find evidence that realized AP arbitrage in turn affects relative mispricings

across markets as well as return and liquidity in the underlying corporate bond market. Realized AP

creation and redemption activities reduce the persistence of relative mispricings and increases the liquidity

in the corresponding arbitrage baskets. However, these effects may become weaker or even reversed when

APs’ arbitrage capacity becomes more constrained due to either greater liquidity mismatch or AP bond

inventory imbalances. Moreover, we find asymmetric short-term price impacts which are only partially

reversed in the case of ETF redemptions. These findings are broadly consistent with the competition of

the arbitrage and inventory management effect as well as the risk associated with liquidity mismatch in

general.

Two clarifying points are worthwhile. First, the conflict between APs’ two roles is a direct implication

of the liquidity mismatch between the corporate bond and ETF markets. If the ETF and the underlying

assets are equally (il)liquid, APs’ strategic use of the ETF creations and redemptions to manage bond

inventories becomes moot.6 This suggests a policy need to improve the liquidity of the corporate bond

markets. Second, this paper and our results are silent on implications for market welfare. We highlight

the destabilizing effects due to the unintended breakdown of the ETF arbitrage mechanism as a result of

liquidity mismatch. The distortion of the ETF arbitrage mechanism reduces the ability to which ETFs can

closely track illiquid bond indices, thereby blunting a proposed benefit of ETFs for end investors. However,

this paper does not offer a complete analysis of the benefits and costs of ETFs from a macro-prudential or

6In contrast, in the current corporate bond ETF setting, the ability to manage inventory by transacting directly with
ETF issuers thereby avoiding the transaction in the OTC market constitutes a potentially less costly transaction for APs
and thus provides a rationale for their strategic use of the AP arbitrage mechanism. See a recent Bloomberg arti-
cle titled “Wall Street’s New Balance Sheet Is An ETF.” https://www.bloomberg.com/gadfly/articles/2016-05-25/
bond-dealers-use-blackrock-junk-etf-as-substitute-balance-sheet.
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welfare perspective.

Related literature: First, this paper contributes to the recent literature on the risk implications of non-

leveraged physical ETFs by highlighting the frictions that arise under liquidity mismatch – a characteristic

we argue is the most important feature of corporate bond ETFs. We provide both a theory and empirical

evidence for this new mechanism and its potential to generate market fragility via the channel of ETF

arbitrage by APs. We are also the first to use micro-level data on individual APs’ inventory and trading

positions to explore ETF arbitrage by APs. The extant risk literature has focused on equity ETFs, a setting

in which liquidity mismatch is less significant: higher ETF ownership leads to higher intraday and daily

volatility (Ben-David et al., 2011), return co-movement (Da and Shive, 2016), lower benefits from information

acquisition (Israeli et al., 2017) and more persistent and systematic mispricing (Madhavan and Sobczyk,

2014; Petajisto, 2015; Brown et al., 2016). Dannhauser (2017) studies corporate bond ETFs and finds that

higher ETF ownership lowers bond yields but has an insignificant or negative impact on bond liquidity;

her mechanism focuses on a migration of liquidity traders from the underlying to the ETF market rather

than ETF arbitrage by APs. Malamud (2015) builds a dynamic asset pricing model of ETFs, which does

feature AP arbitrage but studies equity ETFs and hence ignores liquidity mismatch.7

Second, this paper introduces liquidity mismatch as a new arbitrage friction in the literature on limits to

arbitrage in financial markets.8 While other papers have studied mismatches in asset characteristics, these

paper do not focus on limits to arbitrage.9

Third, we contribute to the corporate bond market-structure literature by linking bond dealers’ market-

making capacity to the ETF market and show the interaction between ETF arbitrage and the underlying

bond market. While several papers have used the proprietary TRACE data with masked dealer identifiers as

in this paper, our data contains novel additional variables identifying which dealers are APs. This literature

has shown evidence that bond dealer inventory is an important determinant of corporate bond returns and

liquidity; this paper provides evidence that bond inventory is also an important determinant in arbitrage.10

Our approach is particularly relevant in the post-crisis economic and regulatory environment: Duffie (2012)

7Other recent theoretical work on ETFs include Bhattacharya and O’Hara (2016) and Cong and Xu (2016). However these papers
focus on indexing effects rather than the mechanism of AP arbitrage.

8A detailed survey is beyond the scope of this paper; typical types of limits to arbitrage include noise-trader risks (De Long
et al., 1990), short-sale constraints (Harrison and Kreps, 1978), equity capital constraints (Shleifer and Vishny, 1997), and margin and
leverage constraints (Gromb and Vayanos, 2002).

9Duffie (1996), Krishnamurthy (2002) and Vayanos and Weill (2008) suggest that the price difference between on-the-run and
off-the-run Treasury bonds may come from different short costs. Duffie and Strulovici (2012) model the movement of capital between
two otherwise identical asset markets with different levels of cash invested. Cespa and Foucault (2014) study liquidity contagion
across two markets via market-maker’s cross-market learning.

10Goldstein and Hotchkiss (2011) find that dealers are less likely to hold overnight inventory positions in less liquid bonds.
Friewald and Nagler (2016) show that dealer inventories are related to risk-adjusted bond returns.
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points out that bond market-making is inherently a form of proprietary trading, and Bessembinder et al.

(2016); Bao et al. (2016), and Dick-Nielsen and Rossi (2017) show evidence that bond dealers’ inventory

management capacity has become more limited.

Fourth, our result contributes to a strand of the literature that highlights how liquidity providers can

occasionally become liquidity seekers with consequences for market stability. Relevant examples include

the quantitative traders and hedge funds in Ben-David, Franzoni, and Moussawi (2012); Nagel (2012) who

provide liquidity voluntarily, as well as the bond dealers in Choi and Shachar (2016) who trade against

the CDS-bond basis. Market shocks and other time-varying frictions can raise the expected return from

liquidity provision and thus push them to demand liquidity instead. This paper uncovers a related but

less explored logic in the context of corporate bond ETFs. Since APs have no legal obligation to perform

ETF arbitrage, APs may become liquidity seekers exactly when liquidity provision is called for in the ETF

market. Liquidity provision through the ETF arbitrage mechanism is complicated by APs’ strategic use of

ETF creations and redemptions.

Finally, this paper complements the recent literature on the risks of liquidity mismatch in open-end

mutual funds of corporate bonds. The ETF setting this paper studies is similar to these mutual funds

because ETFs shares can be created or redeemed at the end of the trading day. Mutual fund outflows

predict future declines in NAV (Feroli et al., 2014) and lead to asymmetric fragility as a result of a concave

flow-to-performance relationship (Goldstein et al., 2016). Chernenko and Sunderam (2016) find that,

following fund outflows, fund cash holdings are not large enough to meet with redemption demand

without generating price impact, and Zeng (2015) theoretically examines the potential for runs on illiquid

mutual funds. However, unlike open-end mutual funds, the creation and redemption of ETFs can only be

performed in-kind by APs. This leaves a unique channel which this paper investigates.

1.2 Institutional background

Exchange traded funds (ETFs), in the context of this paper, refer to unlevered open-end mutual

funds listed on an exchange and invested in a portfolio of physical securities that tracks published market

indices.11 Specifically, we focus on corporate bond ETFs and refer to them simply as ETFs in the explanation

of ETF mechanics. This section first describes the institutional details of ETF arbitrage and the role of

authorized participants (APs), and then argues why liquidity mismatch – the difference in liquidity between

11While ETFs typically invest in a portfolio of physical securities, some ETFs track an index by holding derivatives to replicate the
performance of the benchmark. These synthetic ETFs are more common in Europe than in the United States where they are more
heavily regulated. U.S. corporate bond ETFs are predominantly index-tracking and physically replicated (Madhavan, 2016).
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ETFs trading on an exchange and underlying corporate bonds trading bilaterally in opaque over-the-counter

markets – is a critical friction in corporate bond ETFs.12 The ETF arbitrage mechanism allows a specific

subset of intermediaries, namely APs, to create and redeem ETF shares in exchange for a pre-specified

basket of arbitrage bonds thereby aligning the price of the ETF and its underlying holdings. APs however

are not contractually bound to perform arbitrage; they may withdraw from performing arbitrage as cost or

risk increases.

1.2.1 ETF arbitrage mechanism

ETFs are a hybrid of two common investment funds: open-end and closed-end mutual funds. An ETF

combines the valuation and variable share features of open-end mutual funds, which can be traded at the

end of each trading day for its net asset value (the total net value of all the assets in its portfolio), with the

exchange-traded feature of closed-end funds, which trades intraday (i.e., within the trading day) at prices

that can vary from its net asset value (NAV). One unique aspect of ETFs is the creation and redemption

arbitrage mechanism between APs and ETF sponsors. ETF shares can be created or redeemed at the end

of each trading day for the NAV of the fund. Unlike traditional open-end mutual funds, however, this

creation and redemption process can only occur between the fund sponsor (i.e., the ETF issuer) and APs.13

This market is commonly referred to as the primary ETF market and is the market in which changes in ETF

shares outstanding occur.

Importantly, APs are the only market participants active in this primary ETF market by institutional

design. Corporate bond ETFs typically have an average of 25-35 APs, many of whom are also large,

leveraged broker-dealer institutions.14 Despite the barriers to entry as a result of firms’ market size and

business function, APs act competitively in ETF arbitrage.15 In contrast to APs, non-AP market participants

may trade the ETF intraday in the secondary ETF market but lack the ability to create and redeem shares

with the ETF issuers. Instead, non-AP market participants trade amongst each other and transact at the

12For a more detailed description of ETFs, we refer interested readers to Ben-David et al. (2011) and Madhavan (2016).

13In contrast, any investor in a traditional open-end mutual fund may buy new shares and redeem existing shares directly with
the fund at the fund’s NAV. Closed-end funds can be thought of as an extreme case with no ability to create and redeem shares.
Closed-end funds have a fixed number of shares listed on exchange and may be bought or sold intraday on exchange but no
mechanism to reconcile differences in the exchange traded price and the NAV by adjusting the supply of available shares.

14For example, a publicly available BlackRock publication lists examples of APs executing create/redeem activity for representative
ETFs of BlackRock. APs for LQD (an investment grade corporate bond ETF) in 2013Q1 included Barclays, Deutsche Bank, Goldman
Sachs, JP Morgan, Bank of America Merrill Lynch, Morgan Stanley, Nomura Securities, and RBC Capital Markets. See BlackRock
Viewpoint June 2013 “Exchange Traded Products: Overview, Benefits and Myths.”

15Any U.S. registered, self-clearing broker-dealers who meet certain criteria and sign a participant agreement with a particular
ETF sponsor or distributor to become APs of the fund are able to perform ETF creations and redemptions. The nature of such ETF
arbitrage depends intuitively on the business models of the broker-dealers; however, given the dealers’ profit motive of ETF arbitrage
and the relatively low barriers to entry given the institution is a broker-dealer, APs are best characterized as competitive agents.
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ETF price.

The unique ability of APs to trade directly with the ETF issuer with in-kind creations and redemptions

represents a cost-effective tool that should encourage ETF arbitrage.16 Specifically, APs can avoid entering

the OTC market at the initiation or close of an arbitrage position and instead “lock-in” arbitrage profits

with the ETF issuer at the ETF’s NAV. While all market participants (including APs) can buy or sell ETF

shares on the secondary exchange market perhaps following some statistical arbitrage strategy, only APs

can create or redeem shares in-kind directly with the ETF fund sponsor at the end of a trading day. Given

an ETF premium (discount), APs can secure an arbitrage profit by shorting the ETF (bond portfolio) and

going long the underlying bond portfolio (ETF). In the case of an ETF premium, APs can subsequently

unwind any long positions in the bond portfolio by delivering the ETF’s in-kind creation basket to the ETF

fund sponsor in exchange for ETF shares which are then delivered to settle the short ETF position. Likewise,

in the case of an ETF discount, APs redeem their long ETF position with the ETF issuer at end-of-day NAV

(published at the close of each trading period), and receive the in-kind redemption basket which can be

used to cover the initial short bond position. These in-kind creation and redemption baskets are published

by the ETF issuer to the APs at the end of each trading day for use the following trading day. In general,

the baskets as well as the ETF portfolio holdings are transparent to APs to encourage ETF arbitrage. The

creation and redemption of ETF shares in the ETF arbitrage mechanism should keep the secondary market

price of ETF shares in a range equal to the expectation of the current fair value of portfolio holdings and

associated arbitrage costs.

However, ETF arbitrage is not riskless and APs may withdraw from ETF arbitrage. Arbitrage in

corporate bond ETFs crucially depends on the relative liquidity between the ETF and its underlying assets,

and the inventory positions of APs. As the risks of arbitrage increases, APs may withdraw from arbitrage

and cease to provide liquidity in the ETF market. APs self-select and are not contractually bound by any

legal obligation or monetary incentives from the ETF issuer to create or redeem in ETF shares. APs pay

fees to create or redeem ETF shares. Hence, APs may withdraw from this primary market and act only in

accordance with the risk-return profile of their market-making or arbitrage activities.

1.2.2 Liquidity mismatch

Liquidity mismatch increases the risks of ETF arbitrage and results in frictions unique to corporate

bond ETFs. First, liquidity mismatch implies higher costs of trade. Second, recent financial regulation of

intermediaries can increase this liquidity mismatch. Third, since corporate bond indices are not investable

16In-kind refers to the exchange of a basket of underlying assets (rather than cash) and the ETF share. While some ETF transactions
are in-cash only, corporate bond ETFs generally require in-kind ETF arbitrage.
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to the limit, ETF arbitrage incurs basis risk. Finally, the higher illiquidity of bonds implies an important

new risk due to inventory.

First, corporate bond ETFs are naturally characterized by a liquidity mismatch that arises from dif-

ferences in the market structure of the underlying assets. Unlike other common ETFs in which both the

ETF and the underlying assets trade on stock exchanges, a corporate bond ETF trades on an exchange

while the underlying bond trades in a decentralized over-the-counter (OTC) market. While the exchange

market structure facilitates trade by centralizing the communication of bid and offer prices to all direct

market participants, over-the counter markets rely on bilateral networks of trading relationships centered

around one or more dealers. Moreover in contrast to exchanges, dealers in an over-the-counter market can

withdraw from market-making at any time, causing liquidity to dry up and disrupting the ability of market

participants to buy or sell.

The difference in market structure implies higher transaction when APs establish arbitrage positions.

Schultz (2001) provides the first systematic evidence regarding the liquidity mismatch between equity

trading on exchanges and OTC corporate bond trading. He documents that even institutional trades in

corporate bonds incurred much larger transactions costs than those in equity markets. Since bonds are

traded OTC, it is generally harder for an arbitrageur to establish or unwind its arbitrage positions when the

underlying bonds become less liquid – potentially, due to increasing search costs or information asymmetry

which are exacerbated by the opaque and bilateral nature of OTC markets. Moreover, less liquid bonds are

usually also riskier and associated with higher short costs, potentially generating even greater limits to

arbitrage. The differences in liquidity as a result of market structure gives rise to some specific limits to

arbitrage in the corporate bond ETF setting.

Second, the liquidity mismatch between bond ETFs and the underlying corporate bonds has arguably

become more significant since the Global Financial Crisis due to the popularity of corporate bond ETFs

as financial assets despite the deteriorating liquidity in the corporate bond market and the increase in

financial regulation. The first corporate bond ETF was introduced in 2002; since then Figure 1.1 shows

that ETFs have grown to $131.2 billion in assets under management by 2016, up from only $3.9 billion in

2007 representing a growth rate of 3300% over ten years. Despite this growth, bond markets have become

less liquid evidenced by the decline in broker-dealer inventories, the decline in turnover by comparing

the amount of bonds outstanding to bond trading volumes and an increase in corporate bond issuance.17

Financial intermediaries have become more constrained in their ability to inventory bonds on balance sheet

due to more stringent capital requirement rules following Basel III, and in their ability to trade bonds as a

17Recent empirical studies by Bessembinder et al. (2016); Bao et al. (2016) and Dick-Nielsen and Rossi (2017) have confirmed this
trend from various aspects.
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result of Dodd-Frank legislation on the warehousing and proprietary trading activities of broker-dealers.

Third, for corporate bond ETFs, creations and redemptions between the ETF issuer and an AP are

primarily in-kind whereby the AP delivers or receives an arbitrage basket of securities, that may not be

necessarily identical to the risk characteristics of the entire ETF portfolio holdings on which the fund’s NAV

is calculated nor of the bond index which the ETF tracks. Since corporate bond indices are not investable

at the limit, ETF portfolio holdings sample from rather than fully replicate the index; as a result of bond

market illiquidity, ETF arbitrage baskets are smaller in number than the ETF portfolio holdings since

fund managers choose the arbitrage baskets with liquidity in mind. ETF managers also use the creation

and redemption baskets to shift the portfolio holdings over time, including adding new bond issues or

completely removing bond issues. The resulting differences between the creation and redemption arbitrage

baskets and ETF holdings introduces substantial basis risk in AP arbitrage as a result of liquidity mismatch.

Finally, given the large minimum size of creations and redemptions, APs must be able to efficiently

source a variety of corporate bonds in quantity, either via secondary market trades or from existing

inventory. Given the OTC nature of the corporate bond market and the fact that many APs are large bond

dealers, APs rely heavily on existing bond inventory to perform ETF arbitrage. However, this reliance

on inventory belies an important risk. Since ETF arbitrage is performed in-kind, ETF arbitrage results in

shocks to the inventory positions of APs. This is important for two reasons: first, arbitrage opportunities

are positively correlated with market volatility (increasing the fundamental risk of inventory positions),

but negatively correlated with bond market liquidity (the ability to trade arbitraged bonds); and second,

expected inventory shocks which cause capital constraints to bind can increase the expected returns from

arbitrage required by APs.

Liquidity mismatch generates significant tension between the APs’ dual roles as arbitrageurs across the

bond and the ETF markets as well as market-makers for the underlying illiquid bond market. For example,

APs with an excess positive inventory (perhaps as a result of their market-making activities as bond dealers)

may be more willing to create ETF shares since APs can reduce their inventory by delivering bonds to the

ETF issuer. If ETF arbitrage by creating ETF shares following an ETF premium is profitable (taking into

account the transaction costs and basis risk), then the APs’ two roles are coincident. However, should the

ETF premium become negative, APs may refrain from ETF arbitrage since doing so what require the AP

to hold more bonds as a result of the arbitrage trade and potentially in violation of capital or regulatory

constraints. In a perverse case where APs’ inventory positions are extreme, APs could completely withdraw

from arbitrage or may actually choose to lower the risk of their inventory positions by trading regardless of

the relative ETF mispricing thereby distorting the ETF arbitrage mechanism.
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Figure 1.1: Growth of corporate bond ETFs, fraction of corporate bond market

This figure plots the time series growth in assets under management by corporate bond ETFs relative to the primary corporate bond
market in the top panel. Assets under management for all corporate bond ETFs are plotted on the left-hand y-axis in billions; total
corporate bond market value is plotted on the right-hand y-axis in billions. Total ETF assets under management are calculated by
filtering all passive and active, investment-grade and high-yield ETFs through Bloomberg securities search for a total of 122 names
and aggregating AUM (mnemonic FUND_TOTAL_ASSETS). On average, the 33 passive corporate bond ETFs in the sample represents
83% of the total passive corporate bond ETF AUM and at minimum 53% of passive AUM. The primary corporate bond market size
comes from the Barclays U.S. Corporate Aggregate Market Value index. The bottom panel plots the time series of the proportion
that AP arbitrage activity accounts for total daily primary corporate bond market trading volume. This is computed by taking the
cross-sectional median of the amount of corporate bonds bought and sold as a result of creation/redemption activity divided by the
total daily trading volume for each day t.
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1.3 Theoretical framework

We present a stylized model that describes how key institutional features result in frictions to ETF

arbitrage thereby providing a theoretical framework for the subsequent empirical analysis. The model

focuses on three key frictions in ETF arbitrage: first, ETF creations and redemptions can only be performed

by APs; second, liquidity mismatch exists between corporate bonds and the ETF; and third, APs act as

both ETF arbitrageurs and as bond dealers. The model does not however aim to motivate all the empirical

specifications or to provide comprehensive pricing implications of ETF arbitrage by APs.18

1.3.1 Model

This section describes the discrete-time trading environment and presents the optimization problem

of the AP. The AP chooses the amount of ETF arbitrage performed at the end of each day by trading

off between the return (the net cash flows from arbitrage trade) and risk (risks which arise as a result of

liquidity mismatch) from both intraday trading and ETF arbitrage at the end of the day.

Timeline. Time is discrete and there are four dates t ∈ {0−, 0, 0+, 1}. Investors establish initial inventory

positions taken as exogenous at date 0−. Date 0 is the main trading day (so date 0− can be interpreted as

the beginning of date 0). Date 0+ is interpreted as the end of date 0, but we separate the date to highlight

that ETF creation and redemption takes place at the end of each trading day only. The economy ends at

date 1 and the asset values are paid to the investor. For simplicity, we assume no time discount between

dates. Dates 0 and 0+ are the focus of our analysis.

Assets. There are three assets in the economy: a riskless asset (i.e., cash), a risky and illiquid corporate

bond that pays a fundamental value at date 1, and a liquid ETF that replicates the bond.19 The definition

of asset illiquidity will be elaborated upon later. The fundamental values of the bond and the ETF are dB

and dE, respectively. Specifically, we assume that dB and dE are joint normal with the same mean d̄, same

standard deviation σ, and correlation ρ. We take ρ ∈ (0, 1] and think of the parameter ρ as capturing the

difference between the ETF creation and redemption baskets and the funds’ portfolio holdings; ρ = 1 means

that the bonds in the creation and redemption baskets are identical to the fund’s portfolio holdings.20 At

date 0, the bond price is denoted by pB and the ETF price by pE.

18See Gromb and Vayanos (2002) for a standard setting of limits to arbitrage across two asset markets and see Malamud (2015)
for a more comprehensive dynamic equilibrium model of ETFs. However, Malamud (2015) does not feature the notion of liquidity
mismatch that we focus on. Malamud (2015) also does not consider short costs or the impacts of inventory positions, which we view
as important for corporate bond ETFs.

19Although stylized, the single risky asset can also be interpreted as a corporate bond index, and the ETF replicates this index.

20In reality the fund sponsors’ choice of the creation/redemption baskets is endogenous and it might depend on AP arbitrage
activities. Here we take it as exogenous for simplicity. This will not affect the empirical predictions of the model.
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Investors and APs. There are three types of competitive investors: two types of end-investors and one

type of arbitrageur. End-investors in both markets, corporate bond investors and ETF investors, can only

invest in their respective markets at date 0 possibly due to possible market segmentation.21 The arbitrageur,

the ETFs’ APs, can trade in both markets at date 0, and has the right to trade with the fund sponsor directly

through the creation and redemption mechanism at date 0+.

Initial bond inventory imbalances. At the beginning of date 0 (i.e., at date 0−), APs start with a

sufficiently large initial net worth W0− and an initial bond inventory position xB− .22 A negative xB− can

either be interpreted as literally a short position or more typically a negative deviation from a (potentially

positive) bliss inventory level. Hence, we call xB− the APs’ initial bond inventory imbalance.

Initial arbitrage opportunities. To simplify the analysis, we also assume that the bond investors are

risk-neutral and deep-pocketed. This assumption implies that the bond price at date 0 is the same as its

expected fundamental value: pB = d̄ . At the same time, we assume that there may be an initial relative

mispricing between the bond and the ETF market at date 0, which is denoted by pE − d̄ and may either be

positive or negative. The implications of the model will not change if we assume instead that the ETF price

is the same as its expected fundamental at date 0. Note that our model is silent about whether the bond or

ETF price is “correct”; instead, we will only focus on the relative price discrepancies between the ETF and

bond markets. We will take the initial relative mispricing between the bond and ETF market as given in the

following analysis and focus on APs’ optimal arbitrage activities.23

AP arbitrage. The AP arbitrage mechanism works as follows. During date 0 the APs choose the

intra-day amounts of trading yB and yE in the bond and ETF markets, respectively. Importantly, at date

0+, the APs have the right to submit z unit of bonds to the fund sponsor in return for z shares of the

ETF by paying the fund sponsor a fee of 1
2 µz2. For the sample of corporate bond ETFs that we consider,

the creation and redemption mechanism operates predominantly in-kind, so we do not consider in-cash

creations and redemptions. As a result, at date 0+, the APs’ asset positions evolve as: xB+ = xB− + yB − z ,

xE+ = yE + z .
(1.1)

APs close these positions, xB+ and xE+ , at date 1.

21This is a standard assumption in the literature. See Gromb and Vayanos (2002) and Malamud (2015).

22Without loss of generality, we assume the initial ETF inventory is zero.

23Essentially, we solve for the APs’ optimal arbitrage positions as a function of asset prices. In extant limits-to-arbitrage models,
it is usually assumed that there are exogenous demand and supply shocks, and the arbitrageurs absorb the shocks by arbitraging.
Then the arbitrageurs’ required rate of return, i.e., date-0 asset prices, is determined in equilibrium. Our approach is mathematically
equivalent but more tightly linked to the subsequent empirical analysis, which takes perceived arbitrage opportunities as given.
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Bond illiquidity. Importantly, because the bond is illiquid, trading the corporate bonds incur transaction

costs on both date 0 and date 1. We do not attempt to micro-found these transaction costs; these costs arise

naturally from commissions, search costs, bid-ask spreads, and price impacts in the OTC bond market.

Specifically, we assume that at date 0 the APs pay the following “effective” bond price per unit when

establishing yB new bond positions:

d̄ +
λ

2
yB .

And similarly, at date 1 the APs receive the following “effective” bond price per unit when closing xB+

bond positions:

dB −
λ

2
xB+ .

Intuitively, when λ is larger, the bond is more illiquid.24 In contrast, we assume that trade in the ETF shares

are perfectly liquid and as such, ETF shares can always be purchased and liquidated at the prevailing

market price. As a result, the parameter λ is also the liquidity mismatch between the bond and ETF markets.

When λ is larger, the liquidity mismatch is more severe. Notice that trading the bond with the fund sponsor

at date 0+ does not incur any transaction costs or price impacts other than the creation/redemption fee,

because the ETF arbitrage is done in-kind.

Short costs. APs bear short costs when establishing short positions. When net short positions occur

at date 0, the short cost per share in the two markets are cB and cE, respectively. Short costs apply to any

established short inventory positions at date 0 as well.

APs’ optimization problem. We assume that the APs have CARA utilities over their wealth at date 1,

with a risk aversion parameter, θ. Their objective function is:

max
yB ,yE ,z

−E0[exp(−θW1)] ,

subject to the flow-of-funds constraint:

W1 = W0 −
(

pB +
λ

2
yB

)
yB − pEyE − cB|(xB− + yB)|1{(xB−+yB)<0} − cE|yE|1{yE<0}

− µ

2
z2

+

(
dB −

λ

2
xB+

)
xB+ + dExE+ ,

where the three rows denote the evolution of the AP’s cash account at dates 0, 0+, 1, respectively.

24We may further assume that selling the bond incurs even higher transaction costs than buying it. But this will not change the
main predictions of the model. We also do not find overwhelming evidence suggesting a significant difference between the two types
of costs in our sample.
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1.3.2 Optimal AP arbitrage

This section solves the APs’ optimization problem and reveals two main effects, an “ETF arbitrage

motive” and an “inventory management motive”. First, when corporate bond inventories are near optimal,

APs respond strongly to perceived arbitrage opportunities. Arbitrage is not frictionless however: arbitrage

sensitivity is blunted by increasing costs of trade, market volatility and liquidity mismatch. Second, when

corporate bond inventories are extreme, APs may actual perform ETF creations and redemptions to manage

bond inventory rather than to close relative ETF mispricings.

The APs’ problem can be solved backwards. We first consider the optimal creation and redemption

decision z, which corresponds to the amount of ETF shares created at date 0+, under any given generic

inventory imbalances and trading amounts (xB− , yB, yE).

Proposition 1.1. Given any generic bond inventory imbalance xB− and date-0 trading amounts (yB, yE), the

optimal amount of ETF shares that the APs create at date 0+ is:

z(xB− , yB, yE) =
λ(xB− + yB) + (1− ρ)θσ2(xB− + yB − yE)

λ + µ + 2(1− ρ)θσ2 . (1.2)

Proposition 1.1 illustrates why the creation and redemption mechanism is important for the APs to

manage their balance sheets and how it encourages intraday (i.e., date-0) AP arbitrage. On the one hand,

the first term in the numerator, λ(xB− + yB), captures the APs’ liquidity management. Because the bond is

illiquid, offloading bonds from arbitrage activity and existing inventory positions during the following

trading day (i.e., date 1) is costly. Thus, as long as the creation and redemption fee is low enough (i.e., µ is

small enough), the APs can use the ETF creation and redemption mechanism to unwind these positions

without incurring any transaction costs at the bond level. As a result, the ETF creation and redemption

mechanism encourages APs to arbitrage more aggressively within the trading day by taking more illiquid

bond positions. On the other hand, the second term in the numerator, (1− ρ)θσ2(xB− + yB − yE), captures

the APs’ fundamental risk from bond inventory. Since both the bond and the ETF are risky and they may

not be perfect hedges against each other (i.e., ρ 6= 1), any difference between the total bond positions

xB− + yB and the ETF positions yE incurs excess fundamental risks during the following trading day.

The creation and redemption mechanism allows the APs to reduce this difference, and hence potentially

encourages APs’ intraday arbitrage as well.

Importantly, Proposition 1.1 suggests that APs’ creation and redemption activities at the end of each

trading day naturally reflects the intensity of intraday AP arbitrage activities as long as the initial bond

inventory imbalances are small. When the APs arbitrage more aggressively (either by establishing more

illiquid bond positions or by establishing more imperfectly hedged positions), they also use the ETF

19



creations/redemptions more intensely at the end of the trading day to reduce their illiquidity and their

fundamental risks. In other words, APs’ creation and redemption activities provide strong indirect evidence

for the intensity of intraday AP arbitrage activity – a natural “smoking-gun”. This justifies our later

empirical approach of using APs’ end-of-day creations and redemptions to proxy for general AP arbitrage

activities when the initial inventory imbalances are small. When the initial inventory imbalances are large,

Proposition 1.1 suggests that the APs will instead use ETF creations and redemptions to better unwind

illiquid bond inventory imbalances. This suggests a potential conflict between the APs’ arbitrage motive

and their inventory management motive.

With these two effects above in mind, we solve for the optimal arbitrage positions (y∗B, y∗E) at date 0 as

well as the optimal change in shares outstanding z∗ through the ETF creation/redemption mechanism

at date 0+. In the main text we will focus on the determination of z∗ to provide a clear roadmap for the

empirical analysis; the solutions of y∗B and y∗E are presented and discussed in Appendix A.

Proposition 1.2. The optimal amount of ETF shares created by the APs through the ETF creation and redemption

mechanism is characterized by:

z∗ =
λ((pE − d̄− ĉE)(2− ρ) + ĉB + λxB−) + θσ2(1− ρ2)(pE − d̄ + ĉB − ĉE + λxB−)

λ(λ + 2µ) + θσ2(1− ρ2)(λ + µ)
(1.3)

where ĉB = cB1{(xB−+y∗B)<0} and ĉE = cE1{y∗E<0} are the effective short costs when short positions are established at

date 0.

Proposition 1.2 generates rich empirical predictions. To help understand the economics underlying

Proposition 1.2, consider the comparative statics of z∗ in the two complementary corollaries: Corollaries 1.1

and 1.2, which reveal the two interacting effects that shape APs’ creation and redemption activities.

Corollary 1.1. Arbitrage effect and limits to arbitrage. When the absolute amount of initial bond inventory

imbalance |xB− | is sufficiently small, the following predictions hold:

i). AP arbitrage. The APs create (redeem) ETF shares, that is, z∗ > 0 (z∗ < 0) when there is an initial ETF

premium (discount), that is, pE > d̄ (pE < d̄).

ii). Arbitrage opportunities encourage AP arbitrage. The number of ETF shares created z∗ is increasing in

the initial price discrepancy pE − d̄.

iii). Asset volatility and liquidity mismatch limit AP arbitrage. The absolute amount of ETF shares

created/redeemed |z∗| and the sensitivity of z∗ to the level of initial price discrepancy, that is, ∂z∗
∂pE−d̄ , are decreasing in

asset volatility σ2 and bond-ETF liquidity mismatch λ.

iv). Short costs limit AP arbitrage. The number of ETF shares created (redeemed) z∗ (−z∗) is decreasing in the

ETF short cost cE (the bond short cost cB) when there is initial ETF premium (discount), that is, pE > d̄ (pE < d̄).
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Predictions i) and ii) describes the arbitrage effect underlying ETF creations and redemptions. Consistent

with the design of the ETF arbitrage mechanism, when there is an ETF premium, the APs sell ETF shares,

buy bonds to hedge their short equity position, and then submit the bonds to the fund sponsor to create

ETF shares. ETF redemption works similarly in the case of an ETF discount: APs sell short the basket of

corporate bonds, purchase the higher-priced ETF share, and then submit the shares to the fund sponsor in

return for the redemption basket of bonds. In both cases, when the initial relative mispricing is large, APs

arbitrage more intra-day and create/redeem more ETF shares at the end of the trading day.

Prediction iii), however, suggests that both the level and the sensitivity of AP arbitrage are limited by

asset volatility and liquidity mismatch. When the bond (and to an extent the replicating ETF) becomes

more risky, taking (imperfectly hedged) arbitrage positions becomes riskier thus leading to lower AP

arbitrage activities. Similarly, when the liquidity mismatch between bonds and the ETF becomes larger,

taking (illiquid bond) arbitrage positions incurs higher transaction costs, leading to lower AP arbitrage

activities as well. In reality, the riskiness and illiquidity of corporate bonds are likely to be highly correlated

(Edwards et al., 2007; Bao et al., 2011), implying even greater limits to AP arbitrage.

Prediction iv) further suggests that AP arbitrage is limited by asset short costs. When there is an ETF

premium, the APs short ETF shares (if they do not have enough tradable ETF shares on balance sheet),

buy bonds, and then subsequently create ETF shares at the end of the trading day to unwind their short

arbitrage positions. When the ETF short costs are higher, the APs are more reluctant to take intraday ETF

short positions and thus create fewer ETF shares at the end of the trading day. Similarly, when there is an

ETF discount, the APs short corporate bonds (to the extent such a market exists) in their ETF arbitrage

trades, and hence a higher bond short cost limits their arbitrage capacity.

Overall, Corollary 1.1 implies that the APs use the ETF creation/redemption mechanism to better

perform ETF arbitrage when the prices of the ETF and its underlying basket of bonds become misaligned

but only as long as APs’ initial bond inventory imbalances are small. Arbitrage is however not frictionless:

APs’ arbitrage capacity is limited by asset volatility, liquidity mismatch, and short costs. In other words,

the ETF arbitrage mechanism becomes less effective when limits to arbitrage become more severe.

When the APs’ initial bond inventory imbalances become large, an inventory management motive

whereby APs strategically use ETF creations and redemptions emerges. This new inventory management

effect interacts with the arbitrage effect to potentially distort AP arbitrage. The net effect of this distortion on

the ETF creations and redemptions may be detrimental in the sense that inventory management generates

even more severe relative mispricings across the bond and ETF markets rather than helping to close price

discrepancies as the ETF arbitrage mechanism was designed. The following corollary illustrates this effect:
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Corollary 1.2. Inventory-managment effect. Under any given level of initial relative mispricing between the

ETF and the portfolio of corporate bond holdings, pE − d̄, the following predictions hold:

v). Bond inventory imbalances encourage AP inventory management. The number of ETF shares created

z∗ is increasing in initial bond inventory imbalance xB− .

In particular, when the absolute amount of initial bond inventory imbalance |xB− | is sufficiently large:

vi). Large bond inventory imbalances distort AP arbitrage. The APs create (redeem) ETF shares, that is,

z∗ > 0 (z∗ < 0) when there is initial excess bond long positions (excess bond short positions), that is, xB− > 0

(xB− < 0), no matter whether there is initial ETF premium or discount.

vii). Asset volatility and liquidity mismatch encourage AP inventory management. The absolute amount

of ETF shares created/redeemed |z∗| and the sensitivity of z∗ to the level of initial bond inventory imbalance, that is,

∂z∗
∂xB−

, are increasing in asset volatility σ2 and liquidity mismatch λ.

Prediction v) suggests that, the APs use ETF creations and redemptions to help unwind their bond

inventory imbalances. When APs have more positive bond inventory imbalances (i.e., xB− > 0), they submit

these bonds to the fund sponsor and create more ETF shares. Likewise, when they have more negative

bond inventory imbalances (i.e., xB− < 0), they redeem ETF shares in-kind and get the underlying basket

of bonds from the fund sponsor. In both cases, the APs strategically use ETF creations and redemptions to

push their inventory position back to some bliss point. Since this resembles the conventional motive for

dealer inventory management in Stoll (1978), we call it the inventory management effect.

In light of Prediction ii) in Corollary 1.1, Prediction v) suggests an interaction between the arbitrage

effect and the inventory management effect, depending on the relative direction of the ETF premium and

APs’ initial bond inventory imbalances. When the ETF premium and APs’ bond inventory imbalances go

in the same direction (i.e. (pE − d̄)xB− > 0), both effects lead to more ETF creations (redemptions) when

there are positive (negative) AP bond inventory imbalances and ETF premium (discount). Hence, the two

effects are aligned and the ETF arbitrage mechanism continues to work as designed. However, when the

ETF premium and APs’ bond inventory imbalances go in the opposite direction (i.e. (pE − d̄)xB− < 0), the

two effects conflict. Specifically, when there is an ETF premium (discount) but negative (positive) AP bond

inventory imbalances, the arbitrage effect suggests that APs should perform creations (redemptions) of ETF

shares to capture the ETF premium (discount) while the inventory-management effect suggests that APs

should instead perform redemptions (creations) to move their inventory levels back to their bliss point.

As a result, the arbitrage effect as envisioned in the design of the ETF arbitrage mechanism may become

distorted by the inventory-management effect.
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Prediction vi) extends Prediction v) and suggests that the direction of AP creations and redemptions

may be driven by the direction of initial bond inventory imbalances rather than the initial perceived

arbitrage opportunity when APs experience extreme bond inventory imbalances. As a result, the APs may

fail to correct any price discrepancies between the ETF and bond market or generate even larger relative

mispricings. Prediction vi) suggests that it is natural to look at extreme inventory imbalances to empirically

identify the potential conflict between the arbitrage effect and the inventory-management effect.

Prediction vii) further suggests that, the inventory-management effect becomes even stronger when the

usual limits to arbitrage become more severe. Intuitively, when the bond becomes riskier or more illiquid,

APs become more willing to use ETF creations and redemptions to unwind their inventory imbalances. In

other words, they want to reduce the inventory imbalances more aggressively because their exposure to

inventory risks and transaction costs is higher as their inventory positions are further away from optimum.

Therefore, the arbitrage effect may be even more distorted. Prediction vii) offers an empirical strategy to

further detect the inventory-management effect.

Fundamentally, Corollary 1.2 reveals a potential conflict between the APs’ dual roles as ETF arbitrageurs

and as bond dealers. It suggests that the APs’ actual amount of trading (both in the primary and secondary

markets) may be different from or even opposite to what the initial arbitrage opportunities would suggest

as a result of the inventory-management effect.

Therefore, while the ability to perform ETF creations and redemptions may provide additional benefits

for the APs in their role as bond dealers, inventory management is unlikely an original intention in the

design of the ETF arbitrage mechanism and to the extent it reduces the efficacy of the mechanism, becomes

an undesired negative consequence of arbitrage under liquidity mismatch. At the very least, this conflict

blunts a proposed benefit of ETFs of allowing end investors to closely track the underlying illiquid bond

indices.

To summarize, our theoretical framework generates new testable predictions that APs’ creations and

redemptions works as the ETF issuers expect only when liquidity mismatch and AP bond inventory

imbalances are low. Otherwise, the ETF arbitrage mechanism becomes potentially ineffective and even

fragile in the sense of failing to close relative ETF mispricings and may generate more severe price

discrepancies. Figure 1.2 provides preliminary univariate motivation: in the top panel, average ETF

premiums (in blue) and discounts (in red) increase as market volatility, proxied for by the VIX, increases;

in the bottom panel, despite variation in the ETF premium, resultant ETF arbitrage by APs is not always

consistent with the ETF arbitrage mechanism – instead, there are various episodes when APs create (redeem)

ETF shares at the end of the day despite the coincident ETF discount (premium).
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Figure 1.2: ETF premiums, changes in ETF shares outstanding, and market volatility

This figure plots the relationship between the level of market volatility, the daily ETF premium and the amount of ETF arbitrage
(daily change in shares outstanding in millions) for 33 corporate bond ETFs from April 2004 to April 2016. Changes in ETF shares
outstanding are shown for t + 1 as AP arbitrage takes place at the end of the day for a reported ETF premium on date t. The top
panel shows the scatter-plot of cross-sectional average ETF premiums (blue plus) and discounts (red cross) against the VIX. The
cross-sectional average premium is obtained by taking the average ETF premium over all ETFs in the sample for a given day. The
green (orange) line represents the linear (quadratic) best-fit lines through the data. The bottom panel plots the relationship between
ETF premium and the amount of ETF arbitrage across high and low values of VIX market volatility. Dates where the VIX is equal to
or greater than 25 points are shown in red triangles, while lower volatility days are shown in blue circles.
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1.4 Data and sample construction

This section describes the sample of corporate bond ETFs; the following subsections describes the

datasets used to test the model predictions. The proprietary datasets on APs and their arbitrage activity

allows us to study specific frictions – including inventory risk – that can arise during ETF arbitrage.

Our sample of corporate bond ETFs are the thirty-three passively-managed, index-tracking corporate

bond funds issued by the two largest ETF issuers in the United States. Given the market dominance of

the two ETF issuers, our sample of ETFs represents on average 83% of the total assets under management

of the passive, index-tracking corporate bond ETF market during the sample period from 2004 to 2016.25

Moreover, of the top ten corporate bond ETFs by assets under management (AUM) in December 2015 which

accounts for 90% of total corporate bond ETF assets, our sample includes eight of those ETFs. Although we

study passive, index-tracking ETFs, there is heterogeneity amongst our sample of ETFs and their holdings.

First, our sample contains two high-yield corporate bond ETFs which contain assets that differ drastically

in credit risk relative to investment-grade credit. Even amongst the investment-grade corporate bond ETFs,

funds vary along industry and maturity dimensions. For example, three investment-grade ETFs have

industry-specific exposure while twenty-five other investment-grade ETFs have specific maturity exposures

such as target maturity years or a duration focus. Second, despite their passive nature, ETFs track a variety

of different bond indices. There are nearly as many benchmark bond indices (thirty-one) as there are ETFs

in the sample. Even for those ETFs that share a common benchmark index, the actual portfolio holdings

and the arbitrage basket of bonds will differ as a result of sampling and fund manager discretion.

Despite our sample coverage within the bond ETF market, the relative disparity between the size of

bond ETF market and the overall bond market suggests small impacts of ETFs. Figure 1.1, Panel A shows

that ETF AUM has risen dramatically from roughly $3.9 billion in 2007 to $131.2 billion by mid-2016. In

contrast, the corporate bond market value has increased from $2.3 trillion to $5.8 trillion over the same

time period. Nevertheless, ETF arbitrage can have large effects since the daily trading volume due to

arbitrage can constitute a sizable share of the bond markets’ overall volume. Specifically, while average ETF

ownership per bond issue in our sample is roughly 1%, Figure 1.1, Panel B shows that arbitrage trade can

become a large fraction of daily secondary market bond trading. In the cross-section, the median volume of

a given bond held by ETFs in our sample that is traded following ETF arbitrage represents 3% of daily

trade volume but nearly 15% at the 75th percentile.

25Our sample of ETFs never falls below 62% of the total corporate bond ETF market.
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1.4.1 ETF pricing, shares outstanding and portfolio holdings

ETF prices, net asset values, shares outstanding and daily portfolio holdings for each of the ETFs in

our sample are obtained from Bloomberg. We use these variables to construct asset returns, measures of

arbitrage opportunity and realized arbitrage, and other variables at the bond and bond-ETF level.

First, we use reported end-of-day ETF prices to construct asset returns at various frequencies. ETF prices

along with the fund’s NAV are also used to construct the empirical counterpart to perceived arbitrage

opportunities. Specifically, we use the ETF premium (defined as the percentage difference between the

price and the net asset value) reported directly from Bloomberg for two reasons. First, this calculation

embeds a timing adjustment as the market close in equity and bond markets may differ. The adjustment

aligns the ETF price and NAV to the close of the equity markets at 4 p.m EST, thereby avoiding “stuck”

premiums. Second, the Bloomberg calculation uses the NAV reported by the ETF issuer itself. While this

NAV may not be transactable, it is actionable in the sense that APs can purchase or redeem shares directly

from the ETF at this reported NAV of the ETF’s holdings.

Second, we use Bloomberg data on shares outstanding to construct ETF market capitalization and our

measure of ETF arbitrage: ETF net share creations and redemptions at the ETF-level are measured by

the daily change in shares outstanding.26 Positive (negative) changes in shares outstanding reflect ETF

creations (redemptions). This is a direct measure of ETF arbitrage performed by APs in the primary ETF

market; while intraday arbitrage constitutes ETF arbitrage as well and may be performed by non-AP market

participants without creating and redeeming ETF shares (i.e., hedge funds employing high-frequency

statistical arbitrage strategies), we focus on end-of-day arbitrage via APs’ creations and redemptions. Our

assumption that changes in shares outstanding is likely a reasonable proxy for ETF arbitrage in general

is motivated by two reasons. First, in practice the data to identify intraday ETF arbitrage does not exist.

Second, the ETF arbitrage mechanism encourages APs to perform intraday arbitrage more aggressively

knowing that APs can (and will) more easily unwind any intraday arbitrage positions at the end of the day

and lock in arbitrage profits. To the extent that non-APs can access the ETF arbitrage mechanism as trading

clients of APs, the economic interpretation remains the same. Therefore, if APs create and redeem more

aggressively at the end of a trading day, this activity suggests more intra-day arbitrage during the trading

day, as we have shown in our theoretical model.

Table 1.1 shows that AP arbitrage occurs frequently and can result in sizable changes in the amount of

26Bloomberg’s data on shares outstanding is the most accurate. Verification with the ETF issuers in our sample confirms that
Bloomberg updates their data within a given trading day once newly created and redeemed ETF shares are cleared with the Depository
Trust & Clearing Corporation (DTCC), the clearinghouse responsible for ETF arbitrage trades. In contrast, other datasets may lag
Bloomberg often in excess of three business days. This potential lag introduces bias in the relationship between arbitrage opportunity
(the ETF premium) and realized arbitrage (changes in shares outstanding) – an issue we avoid by using Bloomberg data.

26



ETF shares outstanding. Over the panel, ETF creations occur more frequently (15% of panel observations)

than ETF redemptions (5% of panel observations); in the cross-section of ETFs, more actively arbitraged

funds see ETF creations (redemptions) nearly 30% (15%) of the time. The average ETF creation size is 400

thousand shares or 2.3% of the total ETF share outstanding; ETF redemption sizes are slightly larger, with

an average of 600 thousand shares or 1.3% of the total ETF share outstanding.27 AP arbitrage responds to

the ETF premiums and discounts. ETF premiums and discounts average 60 bps and 36 bps, respectively,

generally reflecting the tight arbitrage pricing in ETFs; however, these averages hide some large variability

in ETF arbitrage opportunities with ETF premiums (discounts) reaching 1.8% (1.4%) at the 95th percentile

of the distribution.

Finally, we use the daily portfolio holdings for each of the ETFs in our sample. Data on portfolio

holdings in Bloomberg are not reported with regularity until December 2011; this necessarily restricts

our sample size when we construct relevant variables. ETFs typically hold 500 corporate bond CUSIPs

(standard deviation of 585) which represents 96% of total assets under management. The remainder of

portfolio holdings is divided into cash (1.6%), equities (2%) and other securities including government

and municipal debt. We use the daily portfolio holdings to connect results at the ETF level to the analysis

performed at the bond or bond-ETF level.

1.4.2 Authorized participants and arbitrage baskets

This section describes the data used to explore APs’ role in the ETF arbitrage mechanism. An authorized

participant (AP) is typically a large broker-dealer who enters into a contract with an ETF issuer to allow it

to create or redeem shares directly with the fund. APs do not receive compensation from the ETF or the

ETF sponsor for creating or redeeming ETF shares. Specifically, we use proprietary historical lists of APs

obtained from the ETF issuers as well as the specific basket of bonds used in the ETF arbitrage at the daily

frequency. These datasets are novel to the literature and allow us to explore the channel through which

risks in corporate bond ETFs arise and can be propagated by the mechanism designed to close relative ETF

mispricings.

We are only able to obtain the proprietary historical lists of APs from the two large fund sponsors.

Accordingly, our sample of corporate bond ETFs is restricted to those ETFs which are issued by these two

institutions. On average, the ETFs in our sample have 44 APs with an agreement to create and redeem ETF

shares with the fund issuer; anecdotally, roughly half of the APs are active in the sense that they conduct

27These numbers are consistent and belie a rapid growth in the ETF market. Creations in the panel occur when the total ETF
shares outstanding are low (and particularly, as the ETF AUM rapidly increased) while redemptions occur when the total ETF shares
outstanding are high.
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Table 1.1: Summary statistics: ETF arbitrage

This table reports summary statistics for the panel of corporate bond exchange traded funds (ETFs) at a daily frequency from April
2004 to April 2016. The sample of ETFs contains thirty-three investment grade and high yield corporate bond funds from two large
ETF sponsors. Specifically, the sample only contains passively managed ETFs that track corporate bond benchmark indexes following
index selection criteria based on maturity, market value, credit weighting or industry weighting. Panel A presents the summary
statistics for fund-level variables; Panel B presents the pairwise correlation coefficients between two proxies for the ETF arbitrage
opportunity (ETF premium, and two measures of the secondary market ETF net order imbalance under two sign conventions: Lee
and Ready, 1991 and Chakrabarty, Li, Nguyen, and Van Ness, 2007), and various proxies for the level of liquidity mismatch between
corporate bond and ETF markets (market volatility index VIX, effective spread measures and a price impact measure). The proxy for
inventory shocks, FLOWAP

i,t−20→t, is the backward-looking twenty-day share-weighted average net order flow for a basket of corporate
bonds of ETF i aggregated over all corresponding APs. ETF-level data is obtained from Bloomberg; liquidity measures are constructed
using bond-level transaction data from FINRA TRACE; ETF portfolio holdings data is from Bloomberg; short cost data for ETFs and
the basket of corporate bonds held by ETFs are constructed from Markit Securities Finance Analytics.

Panel A. Fund-level summary statistics
mean sd p25 p50 p75

Daily Change in ETF Shares Outstanding (mil)
∆SHROUTETF 0.0270 0.365 0 0 0
∆SHROUTETF|>0 0.407 0.580 0.100 0.200 0.500
∆SHROUTETF|<0 -0.641 0.809 -0.800 -0.400 -0.200
%∆SHROUTETF 0.276 3.122 0 0 0
%∆SHROUTETF|>0 2.288 7.281 0.258 0.665 1.515
%∆SHROUTETF|<0 -1.320 4.032 -1.002 -0.504 -0.251
1{Creation} 0.156 0.363 0 0 0
1{Redemption} 0.0540 0.226 0 0 0

ETF Premium over NAV (%)
ETF Premium 0.476 0.730 0.117 0.368 0.691
ETF Premium|>0 0.608 0.660 0.216 0.445 0.753
ETF Premium|<0 -0.361 0.602 -0.406 -0.162 -0.0600
ETF Buy/Sell Volume (Lee-Ready) 0.443 1.350 -0.192 0.288 0.925
ETF Buy/Sell Volume (Chakrabarty, et al) 0.346 1.291 -0.233 0.215 0.802

Volatility; Liquidity mismatch proxies (bps)
VIX 19.65 6.671 15.35 17.62 21.95
VIX (normalized) -7.11e-10 1.000 -0.644 -0.304 0.345
Imputed Roundtrip Spread 57.51 24.14 39.62 48.75 70.78
Roll’s Measure 56.64 27.39 40.97 46.98 61.74
Illiquidity Composite Spread 56.54 25.01 40.73 46.20 63.70
Amihud’s Measure 259.9 194.0 135.0 174.8 321.8

Costs of ETF Arbitrage
ETF Indicative Lending Fee 0.0399 0.0302 0.0125 0.0350 0.0600
ETF Markit DCBS 2.972 1.405 2 3 4
Bond Indicative Lending Fee 0.407 0.0471 0.382 0.395 0.413
Bond Markit DCBS 1.014 0.0231 1.002 1.006 1.014

AP Inventory Shocks (millions)
FLOWAP

i,t−20→t 417.3 20517.7 -7208.6 106.0 7575.8
FLOWAP

i,t−20→t|>0 13134.4 17154.9 2999.9 7473.4 16393.9
FLOWAP

i,t−20→t|<0 -12546.6 14737.9 -16916.8 -7342.7 -2849.6
Observations 29120
Number of Corporate Bond ETF 33

Table 1.1 continued on next page
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Table 1.1 (Continued)

Panel B. Correlations between ETF arbitrage and liquidity mismatch proxies
A B C D E F G H

A. ETF Premium 1
B. ETF Buy/Sell Volume (LR) 0.185 1
C. ETF Buy/Sell Volume (CLNV) 0.175 0.896 1
D. VIX 1.000
E. Imputed Roundtrip Spread 0.749 1
F. Roll’s Measure 0.834 0.873 1.000
G. Illiquidity Composite Spread 0.826 0.949 0.967 1
H. Amihud’s Measure 0.641 0.822 0.868 0.868 1.000

at least one creation or redemption in a fund sponsors’ ETFs in the previous six months. While the vast

majority of the APs are large corporate bond broker-dealers consistent with their need to transact in the

underlying OTC markets, a few of the ETF APs are financial services companies with primary businesses

in electronic market-making and trading. These names are typically not active in the ETF arbitrage of

corporate bond ETFs.

As part of the ETF arbitrage mechanism, the ETF issuer publishes creation and redemption baskets.

These baskets are a specific list of names and quantities of corporate bonds (or other securities including

cash) that may be exchanged for shares of the ETF. The basket lists are made publicly available to all APs

of an ETF on a daily basis at the close of each trading day for use the following trading day. The fund

sponsors in our sample push these lists via DTCC National Securities Clearing Corporation (NSCC), a

clearinghouse service which automates the creation and redemption process. We obtain our historical data

on creation and redemption baskets from this data provider. In addition to the data on the specific list of

names and quantities of securities required for ETF arbitrage, our dataset from DTCC NSCC also details

the number of ETF shares per creation or redemption unit (the size of a “creation unit” is between 50

thousand and 100 thousand shares on average in our sample) and cash-in-lieu indicators. In general, these

creation and redemption baskets represent a subset of the ETF portfolio holdings; the creation basket may

also include bond issues that are not existing constituents of the ETF portfolio holdings. ETF portfolios

hold an average of 500 bond issues; in contrast, the average number of bonds in a creation and redemption

basket is 81 and 163, respectively.

1.4.3 Corporate bond data

Complete secondary market corporate bond transaction data from TRACE is important to construct our

measures of corporate bond inventory and bond market illiquidity. This dataset is different from existing

TRACE datasets because it includes masked dealer identifiers and indicates whether the dealer is an AP.

29



This high resolution data allows us to construct bond-ETF and bond-AP level data which is then used to

explore the role for inventory in ETF arbitrage.

Secondary market corporate bond transaction data including corporate bond returns, volumes, inventory

and illiquidity proxies are reported in or constructed from a proprietary version of TRACE. The proprietary

enhanced version of TRACE data provided by FINRA includes masked dealer identification, and an

additional set of identifiers that allow us to determine if a dealer counterparty of a given trade is an AP for

any or both of the two fund sponsors in our sample. The data includes trades disseminated to the public,

as well as non-disseminated trades.28 Our version of TRACE also contains the usual improvements over

standard TRACE including uncapped transaction volumes and information on whether the trade is a buy, a

sell, or an interdealer transaction. Importantly, this version of TRACE containing dealer identifiers implies

that we can assign transactions to particular dealers or APs and reconstruct dealers’ inventory positions

over time. Following the literature, we account for reporting errors using standard filtering procedures

commonly used for TRACE transaction data (see, for instance, Friewald, Jankowitsch, and Subrahmanyam,

2012 and Dick-Nielsen, 2013). Bond characteristics including the amount outstanding and bond ratings are

obtained from the Mergent Fixed Income Securities Database (FISD).

Reconstructing bond inventory at the bond-, dealer-specific level from only secondary market trades is

challenging. Instead, our preferred measure of AP bond inventory is the backward-looking twenty-day

net order flow. Specifically, dealer’s j time t corporate bond i inventory is the net order flow of a given

bond calculated as the difference between all j dealer’s accumulated principal buy volume (PBuy) and

accumulated principal sell volume (PSell) during a given horizon τ:

FLOWj
i,t−τ→t =

τ

∑
i=0

PBuy
j
i,t−i −

τ

∑
i=0

PSell
j
i,t−i

We focus on APs in particular by aggregating bond inventory across all dealers j who are APs of any given

ETF holding corporate bond i. This measure follows the idea of standardized dealer inventory measure in

Hansch et al. (1998) and Reiss and Werner (1998) for equity markets with an adjustment.29 Specifically, we

focus on the inventory acquired over a specific horizon, twenty trading days in this paper.

We prefer our (adjusted) inventory measure in the corporate bond market for three reasons. First,

corporate bonds do not trade frequently. While the median bond trades once each week, there is wide

heterogeneity in bond liquidity (even for the more liquidity segment of corporate bonds predominantly

28TRACE does not disseminate trades identified with a non-member affiliate (non-FINRA member) acting in a principal capacity
and trades effected in connection with a merger or direct or indirect acquisition. To construct our inventory proxy of trade flows we
use all secondary market trades, even those not disseminated to the public.

29Friewald and Nagler (2016) also apply the Hansch et al. (1998) measure for calculating corporate bond dealer inventory.
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held in the portfolios of ETFs) therefore necessitating a longer horizon of four weeks. Second, data on

dealers’ initial inventory is unknown and other inventory dynamics such as bond maturation, defaults and

soft optionality exercise, are generally unknown at the dealer level. Third, given the secular decline in

corporate bond inventories amongst broker-dealers and the endogeneity of optimal inventory levels, the

present measure can be interpreted as deviations of inventory from the desired levels under the implicit

assumption that dealers end each specified time period with their desired level of inventory.

We construct low-frequency corporate bond liquidity proxies from daily TRACE transaction data as

the empirical counterpart to the liquidity mismatch between ETFs and corporate bonds. Since liquidity in

financial markets and specifically liquidity of securities are difficult concepts to define much less quantify,

we follow the literature and consider various proxies for liquidity. First we clean transaction prices and

volumes from TRACE; then we construct proxies in three broad classes of liquidity and winsorize at the 1%

and 99% level for all liquidity proxies to reduce the effect of outliers as is practice in the literature.30

The first class of liquidity proxies measure the bid-ask spread. The bid-ask spread, typically paid by

liquidity demanders, is an intuitive measure of liquidity that captures the depth of bids and asks, and

represents a good first order measure of the cost of trading for bonds that transact. Because quotation

data is not disseminated via TRACE, bid-ask spreads are inferred from transactions rather than directly

observed. We consider six proxies: the Feldhütter (2012) round-trip transaction cost measure which focuses

on multiple trades placed in a short time frame (15 minutes) with identical trade volumes; the Roll (1984)

measure based on negative autocovariance of trade prices; Han and Zhou (2016) and Pu (2009) dispersion

estimate based on the inter-quartile range of trade prices which is less sensitive to outliers; the effective

tick proxy based on Goyenko et al. (2009) who assume clustering of trade prices and compute spread

probabilities for a given set of possible mutually exclusive effective spreads; the Fong et al. (2017) based on

the probability of days with zero returns to compute the implicit bid-ask spread; and finally, the high-low

proxy by Corwin and Schultz (2012) based on daily high prices resulting from buy orders and daily low

prices correspond to sell orders. Given these proxies all capture aspects of the effective bid-ask spread,

we average these proxies to construct an illiquidity effect spread composite variable which maximizes the

information content in spreads.

The second class of liquidity proxies considered captures an additional dimension of liquidity by

considering trade size or market depth. Kyle (1985) theoretically motivates price impact as a market

liquidity indicator; by far the most frequently used liquidity proxy in this class is the Amihud (2002) price

impact measure, which captures the daily price response associated with a one unit of trading volume.

30Some proposed liquidity proxies in the literature are defined on an absolute rather than relative level (i.e., in percent of trade
prices). As we are interested in the scale of mismatch, we standardize all proxies to measure relative transaction costs.
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Using intraday TRACE data, price impact is constructed as the ratio of the intraday absolute return to the

dollar par trading volume.

The third class of liquidity proxies capture a trading intensity dimension of liquidity. Specifically, we

consider turnover, measured as the percent of an issue that trades over a given period scaled by the total

amount outstanding obtained from Mergent FISD. We also considered the zero-trading-days measure of

Lesmond et al. (1999) who argue that zero volume days (and thus zero return days) are more likely in less

liquid stocks.

1.4.4 Other data

To capture the cost of arbitrage we also control for the short costs of both the ETF as well as the basket

of arbitrage bonds. Short costs, proxied by security lending fees, are an important component of ETF

arbitrage as the typical arbitrage transaction requires taking a simultaneous short position in either the ETF

or a basket of bonds. ETF and corporate bond lending fees are obtained from Markit Security Finance Data

Explorers database. In particular, the Markit database contains two borrowing cost variables. The first is the

indicative lending fee, the estimated fee that an average fund needs to pay to borrow a stock from a broker;

the second borrowing cost variable is the Daily Cost to Borrow Score (DCBS), a 1-10 integer categorization

that describes how expensive an asset is to borrow, with 1 being the cheapest and 10 being the most

expensive.31 The DCBS is based on actual, rather than indicative, lending fees received from securities

dealers but that Markit is not allowed to re-distribute. To construct the short costs of the underlying ETF

basket, we take the share-weighted average lending fee for the redemption basket of a given ETF under the

two borrowing cost variables. Note that the indicative lending fees are comparable across asset classes but

the DCBS scores are not as a result of the score construction. Indicative lending fees generally suggest that

it is harder to short corporate bonds than ETFs: the annualized indicative lending fee for ETFs is 4 percent

while the annualized fee for corporate bonds is ten times greater. Nevertheless, the corporate bonds held

by ETFs are typically more liquid bonds with a DCBS score of 1.01 compared to that of equities which

average 2.97.

All remaining macroeconomic and financial market variables (government rates, credit spread, etc.) are

obtained from the Federal Reserve Bank of St. Louis’ FRED database. Summary statistics are presented in

Table 1.1.

31In order to establish a short position, an AP would post cash collateral invested at the government overnight rate. The difference
between cash collateral return and the lending fee is the rebate rate. The fee reported in Markit is the sum of the wholesale rebate rate
and a prime brokers’ markup. This is a realistic estimation of short costs. Nevertheless, the security lending variables are only an
indirect proxy for short sales since security lending may also be a reflection of trade settlement or security finance.
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1.5 Empirical findings

We find empirical results that are broadly consistent with the predictions from our stylized model. First,

increases in liquidity mismatch reduce the ETF arbitrage performed by APs, and the withdrawal of ETF

arbitrage is asymmetrically larger in the direction where liquidity mismatch makes risk constraints bind

more tightly. Second, liquidity mismatch generates a unique risk due to APs’ bond inventory imbalances

and the resulting conflict between arbitrage and inventory management. Finally, we find evidence that

realized AP arbitrage has asset-pricing implications for the underlying corporate bond market.

1.5.1 Liquidity mismatch as limits to arbitrage

In illustrating AP arbitrage and liquidity mismatch as limits to arbitrage, we first look at the impact

of VIX, which is an intuitive and straightforward proxy for both market volatility and likely to be highly

correlated with liquidity mismatch and other limits to arbitrage. We then focus on more precise measures

of bond illiquidity to specifically proxy for the liquidity mismatch between the bond and ETF market.

Impact of VIX on AP arbitrage

Increases in market volatility and liquidity mismatch reduce AP arbitrage; APs’ withdrawals from

arbitrage can be quite large and results in price discrepancies between ETFs and the underlying basket

of bonds. In showing this, we proxy for market volatility using the CBOE Volatility Index (VIX) as our

preferred measure because VIX captures market participants’ perceived volatility and thus the risks of

arbitrage.32 Moreover, consistent with Nagel (2012), VIX captures or is highly correlated with various limits

to arbitrage (including liquidity mismatch, market volatility, and investors’ risk appetite), and serves as an

intuitive and transparent measure that shows AP arbitrage is far from frictionless. Table 1.1, Panel B shows

that VIX is highly positively correlated with all our proxies for corporate bond illiquidity.33

Table 1.2 presents significant results across all the specifications, showing that APs create (redeem) more

when there is higher ETF premium (discount), but a higher VIX results in less sensitive AP arbitrage to

ETF premium/discount, consistent with Predictions i), ii), and iii) in Corollary 1.1. Specifically, we regress

32Ideally, we would like to use a counterpart of VIX in the corporate bond market. A counterpart does exist in the government
bond market: the Merrill lynch Option Volatility Estimate (MOVE) Index is a yield curve-weighted index of the normalized implied
volatility on 1-month Treasury options which are weighted on the 2, 5, 10, and 30 year contracts. In addition, the CBOE/CBOT 10-year
U.S. Treasury Note Volatility (TYVIX) Index based on CBOEs’ VIX methodology is available for government bonds. Nevertheless, the
results using MOVE and the TYVIX index offer similar results: the correlation between the VIX and the MOVE and TYVIX indices
are 0.763 and 0.756 respectively from 2000-2015. Moreover, the correlation between VIX and the TED spread, a common proxy for
financial intermediary health as a result of its exposure to liquidity and counterparty risk, is 0.495.

33This positive correlation is also consistent with findings in existing literature (Edwards et al., 2007; Bao et al., 2011).
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the percentage change in ETF arbitrage by APs on the ETF premium, the VIX and their interaction at the

daily frequency:

% AP Arbitragei,t→t+1 = αi + β1 · ETF Premiumi,t + β2 ·VIXt

+ β3 · ETF Premiumi,t ·VIXt + ξXt + ωNi,t + εi,t

where we control for both macroeconomic (Xt) and ETF-specific (Ni,t) controls. We are particularly

interested in the interaction coefficient β3 as it describes the effect of VIX on ETF arbitrage given the

ETF arbitrage opportunity. Inference is derived using the Driscoll and Kraay (1998) extension of the

Newey-West standard errors; the particular weighting function accounts for potential cross-fund correlation,

heteroskedasticity and serial autocorrelation. Given that corporate bond ETFs can vary significantly by size,

maturity, rating, and inventor base, the regressions include ETF fixed effects.

When the dependent variable are reported in percent changes in shares outstanding as is done in

Specifications (1)-(6), the regression coefficients take on a elasticity interpretation; we also report results in

level changes in Specifications (7) and (8) which captures the absolute size of ETF arbitrage by APs. In Table

1.2, specification (1) includes includes ETF fixed effects. To help with identification, from specification (2)

and onwards, we include macroeconomic controls which include the one-year constant maturity Treasury

bond yield, the credit spread (BofA Merrill Lynch Baa-Aaa spread), the yield spread (10y-1y constant

maturity Treasury spread), the S&P 500 return, the BofA Merrill Lynch Corporate Bond Master index return,

and the corporate bond inventory level of primary dealers. We further include time-varying ETF-level

controls from specification (3) onwards, including the lagged and contemporaneous NAV and ETF returns

to allay concerns that ETF premiums and discounts captures element of transitory liquidity and price

discovery components.

Across these specifications, we highlight the robust finding of a statistically significant positive coefficient

on the perceived arbitrage opportunity (ETF Premiumi,t) and a statistically significant negative coefficient

on the interaction between the perceived arbitrage opportunity and the VIX (ETF Premiumi,t ·VIXt). As

expected, APs’ ETF arbitrage activities are responsive to the perceived ETF arbitrage opportunity as proxied

for by the ETF premium. In our preferred specification (3), an increase (decrease) of 1% in the ETF premium

(discount) generates an increase in ETF creations (redemptions) by 52 basis points or roughly 90 thousand

new ETF shares for a given ETF. However, there is strong evidence that an increase in market volatility

given an ETF premium, reduces the amount of ETF arbitrage done by APs: an increase of one standard

deviation in the interaction between the ETF premium and VIX reduces the amount of arbitrage of APs by
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roughly a fifth ((2.18× 0.0532)/0.523 = 0.222).34 This suggests that the ETF arbitrage frictions captured by

market volatility can severely reduce the efficacy of the ETF arbitrage mechanism and precisely at the time

when relative mispricing is highest (the correlation between changes in the ETF premiums and volatility is

0.16).

These frictions should be higher in the subsample of high-yield corporate bond ETFs where the liquidity

mismatch between the ETF and its underlying bond portfolio is expected to be larger. Specification (4) tests

the canonical regression in our sub-sample of high-yield bond ETFs. Unsurprisingly and consistent with

our model’s implications, the negative impact of market volatility on ETF arbitrage of APs appears stronger

for high-yield ETFs.

While APs are not statistically more responsive to relative ETF mispricing in the subsample of high-

yield ETFs, the resulting arbitrage is larger as a result of the larger average relative price discrepancies

between the ETF and its NAV in the high-yield sample as shown in Specification (4). APs do withdraw

from ETF arbitrage more strongly (β3 = −0.0797): a one standard deviation increase in the interaction

between arbitrage opportunity and market volatility reduces the amount of ETF arbitrage by about 70%

((4.21× 0.0797)/0.454 = 0.738).35 This large reduction in ETF arbitrage by APs is a result of both the

lower (positive) unconditional arbitrage elasticity but also the larger (negative) second-order conditional

arbitrage elasticity as market volatility increases. APs’ arbitrage capacity becomes more constrained, as

market volatility increases since high-yield corporate bonds tend to be risker and also more illiquid.

These results are not driven by illiquidity or unfamiliarity of corporate bond ETFs at their introduction

nor are they completely driven by large market dislocations during the Great Financial Crisis in 2007-2008.

We split the sample into two sub-period from 2002 to 2008 (which includes the onset of the past financial

crisis) in specification (5) and the subsample after 2008 until the end of the sample in 2015 in specification

(6). Both subsamples show consistent and significant results. Although the overall effects are not driven

by the crisis, the results appear to be stronger in the pre-2008 period as we would expect given the large

market dislocations; we admit that the corporate bond ETF market was still immature before and during

the recent financial crisis and the sample size is limited accordingly. Nonetheless, the coefficient estimates

in specification (6) are consistent with the results using the full sample.

The ETF premium may be driven by a variety of factors not necessarily related to the perceived ETF

arbitrage opportunity. For example, the ETF premium can be biased by the cost of basket execution, volatile

34In the sample of specification (3), one standard deviation of the interaction term is 2.18586. The coefficient estimate on β3 in this
specification is 0.0532, and the coefficient estimate on β1 in this specification is 0.523.

35In the sample of specification (4), one standard deviation of the interaction term is 4.21. The coefficient estimate on β3 in this
specification is 0.0797, and the coefficient estimate on β1 in this specification is 0.454. In what follows, we follow the same format in
calculating the impact of a change of one standard deviation of the independent variable of interest on the dependent variable.
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or opaque bid-offer spreads in the underlying bonds, or even issues with matrix pricing of the bonds.

Instead, we consider an alternative proxy for the perceived ETF arbitrage opportunity as the log difference

between buy and sell volumes of the ETF. Intuitively, when the imbalance of ETF buy and sell volume is

larger, it is likely that the perceived arbitrage opportunity between the bond and the ETF markets is also

larger. Suppose that flows in the ETF market are predominantly buy orders such that the orders exceed

the ETFs’ available exchange liquidity pushing the ETF price above the NAV; the ETF offer converges to

the underlying portfolio offer as APs create shares and enter the underlying bond market to acquire the

creation basket of bonds for ETF arbitrage at the offer side. Likewise, under strong selling pressure, the

ETF bid converges to the bid side of the underlying bond portfolio as the redemption basket of bonds is

liquidated at the bid. In both scenarios, ETF flow imbalances reflects the underlying relative mispricing in

ETFs and the bond portfolio; balanced sells and buys implies that the ETF bid and offer roughly lies at the

midpoint of the bond portfolio bid and offer.

We infer the buy and sell volumes following the two sign conventions of Lee and Ready (1991) and

Chakrabarty, Li, Nguyen, and Van Ness (2007) using quote and trade data from the NYSE Trade and Quote

(TAQ) database.36 Table 1.3 shows that APs’ arbitrage elasticity and withdrawal following increases in

market volatility are consistent with the findings using the ETF premium in Table 1.2. In specifications

(1) - (3), we use the log difference between buy and sell ETF volume based on the classic Lee and Ready

(1991) measure, which uses a time-delayed quote adjustment to infer the direction and magnitude of

trade imbalances. In specifications (4)-(6), we use the new trade direction convention measure based on

Chakrabarty, Li, Nguyen, and Van Ness (2007), which further helps infer the direction of trades especially

for trades that occur inside the bid-offer spread. In both specifications, following our canonical specification,

ETF and year-month fixed effects, macroeconomic controls, and time-varying ETF-level controls are also

included. We use the ETF order imbalance to instrument for ETF premiums and present 2SLS estimates in

columns (3) and (6); first-stage estimates in columns (2) and (5) show a strong positive correlation between

ETF order imbalances and the relative ETF mispricing. To be clear, while plausible factors driving relatively

higher purchases or sells in the underlying ETF market may be similar to the forces driving the relative

mispricing between the ETF and the underlying bonds, the instrumental variables approach is useful to

address the errors-in-variables issue that arises as a result of measurement error in the ETF premium

proxy of arbitrage opportunity. Specifically, while the ETF premium is reported by the ETF sponsor and is

36The Lee-Ready methodology is the dominant sign convention to determine whether a given trade is a liquidity-demander “buy”
or liquidity-demander “sell”. Under this methodology, a trade is a buy (sell) when P > M (P < M) for a midprice M, where a
tick test determines the sign when P = M. In contrast, Chakrabarty, Li, Nguyen, and Van Ness (2007) label a trade as a buy when
P ∈ [0.3B + 0.7A, A], a sell when P ∈ [B, 0.7B + 0.3A] and a tick test otherwise for a bid B and offer A. Chakrabarty et al. (2007) show
that this classification rule improves the classification of trades that transact within the bid-offer and provides statistically unbiased
estimates of actual effective spreads.
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transact-able in ETF arbitrage, the NAV is typically based off of matrix bond pricing and the bond prices

may not fully reflect the market depth required to perform ETF arbitrage in reasonable size. The 2SLS

approach helps to address the errors-in-variables problem in ETF premiums. Columns (3) and (6) show that

the coefficients of the instrumented ETF premium are significant and positive, while those of the interaction

between the instrumented ETF premium and the VIX are significant and negative. These results suggest

that our results are robust and unlikely to be driven by different proxies for or mis-measurement of the

perceived arbitrage opportunity.

Table 1.3: ETF order volume instrument for ETF premiums

This table reports the results of OLS, first-stage estimates from 2SLS and the 2SLS estimate from regression of AP arbitrage activity as
proxied for by the percentage change in daily ETF shares outstanding on the arbitrage opportunity, VIX, and the interaction between
perceived arbitrage opportunity and VIX. The unbalanced sample contains 33 corporate bond ETFs from April 2004 to December
2015. Columns (1) and (4) show the results from ordinary least squares regression using the ETF order imbalance defined as the log
difference between buy and sell ETF volume as a proxy for the ETF arbitrage opportunity (Column (1) uses the Lee and Ready (1991)
measure and Column (2) uses the Chakrabarty et al. (2007) trade direction convention). The OLS regression follows as:

% AP Arbitragei,t→t+1 = αi + β1 · ETF Volume Imbalancei,t + β2 ·VIXt

+ β3 · ETF Volume Imbalancei,t ·VIXt + ξXt + ωNi,t + εi,t

Columns (2)-(3) and (5)-(6) present the results from a two-stage least squares estimation where the ETF premium is instrumented
for with the ETF order imbalance computed using two signing conventions. Columns (2) and (5) show the first-stage estimation
regressing ETF premium on the ETF order imbalance, market volatility and their interaction, and the canonical controls and fixed
effects. Columns (3) and (6) show the 2SLS estimate of the effect of arbitrage opportunity and market volatility on ETF arbitrage:

% AP Arbitragei,t→t+1 = αi + β1 · ̂ETF Premiumi,t + β2 ·VIXt + β3 · ̂ETF Premiumi,t ·VIXt + ξXt + ωNi,t + εi,t

where ̂ETF Premiumi,t represents the fitted ETF premium from the first-stage regression. The proxy for liquidity mismatch remains
the normalized market volatility VIXt; the percentage change in daily ETF shares, AP Arbitragei,t→t+1 is reported in percent, while
the measure of market volatility, VIXt and buy-sell ETF volume are normalized to mean zero and standard deviation one. Ni,t controls
for the lagged and contemporaneous NAV and ETF; all regression include ETF and time-fixed effects t-statistics calculated using
Driscoll-Kraay standard errors with bandwidth 8 are shown in parentheses below the coefficient estimates: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗

p < 0.01.

(1) (2) (3) (4) (5) (6)
Sign Convention Lee and Ready (1991) Chakrabarty et al. (2007)
Model OLS FirstStage 2SLS OLS FirstStage 2SLS
Buy/Sell Volumei,t 0.0174∗∗∗ 0.0590∗∗∗ 0.0166∗∗∗ 0.0544∗∗∗

(7.95) (12.55) (7.67) (11.56)

Volumei,t * VIXt -0.00424∗∗ 0.0326∗∗∗ -0.00454∗∗ 0.0347∗∗∗

(-2.19) (3.40) (-2.33) (3.47)

P̂remi,t 2.040∗∗∗ 1.696∗∗

(3.12) (2.25)

P̂remi,t * VIXt -0.247∗∗ -0.275∗∗

(-2.11) (-2.13)

VIXt 0.0124 -0.205∗∗∗ 0.447∗∗ 0.0123 -0.202∗∗∗ 0.361∗∗

(1.24) (-3.69) (2.51) (1.26) (-3.66) (2.34)
ETF FE Yes Yes Yes Yes Yes Yes
Macro Controls Yes Yes Yes Yes Yes Yes
ETF Controls Yes Yes Yes Yes Yes Yes
Observations 25170 25170 25170 25481 25481 25481
Adjusted R2 0.031 0.635 0.016 0.031 0.632 0.001
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Impact of bond illiquidity on AP arbitrage

Furthermore, increases in a more direct proxy for liquidity mismatch – the cross-sectional average of

bond market illiquidity using various proxies found in the literature – decrease ETF arbitrage by APs.37

In showing this, we consider a large set of various corporate bond illiquidity measures to ensure the

robustness of our results. We follow our canonical specification, which includes ETF and year-month fixed

effects, macroeconomic controls, and time-varying ETF-level controls, but replaces market volatility with

our proxies of bond market illiquidity:

% AP Arbitragei,t→t+1 = αi + β1 · Premiumi,t + β2 ·Mismatcht

+ β3 · Premiumi,t ·Mismatcht + ξXt + ωNi,t + εi,t

We first consider six different corporate bond market effective spread measures to proxy for the liquidity

mismatch (Mismatcht). Specification (1) uses the imputed round-trip trading cost (Feldhütter, 2012). The

imputed round-trip trading cost is defined as the percentage difference between the highest and lowest

price in an imputed round-trip trade, which is in turn defined as a set of two or three trades of the same

size taking place on the same trading day after a period of no trades. Specification (2) uses the classic Roll

(1984) measure. Specification (3) uses the price dispersion measure developed in Han and Zhou (2016);

Pu (2009) and Jankowitsch et al. (2011), which measures the actually traded prices and the respective

market-wide valuation based on a volume-weighted calculation of the difference. Specification (4) uses the

effective tick measure based on Goyenko et al. (2009) and Holden (2009), which infers the effective spreads

based on observable price clustering and then calculates the probability weighted average of each effective

spread size. Specification (5) uses the high-low measure in Corwin and Schultz (2012), which employs a

simple difference between the highest and lowest price during a trading day to infer the effective spread.

Finally, specification (6) uses the FHT measure (Fong et al., 2017), which is based on the intuition that

effective spreads are increasing in both the proportion of observed zero returns and the volatility of the

observed return distribution. In all these specifications, the market measure of each effective spread proxy

for bond illiquidity is computed as the cross-sectional median for all corporate bonds.

Table 1.4 shows consistent and significant results across the effective spread proxies. The left hand

side still features the percentage change in daily ETF shares as a proxy for AP arbitrage. Consistent with

ETF arbitrage, APs still create (redeem) more when there is a higher ETF premium (discount). But this

37Although the literature does not have a consensus on the appropriate direct comparison between ETF and bond liquidity, it is
generally accepted that corporate bond ETFs are significantly more liquid than the underlying bonds (Madhavan, 2016). Specifically,
we take the view that the liquidity of ETFs while time-varying in nature do not exhibit the large variability found in corporate bond
ETFs; differences in liquidity between the ETF and its basket of bonds is driven by illiquidity in the corporate bond market. As a
result, bond market liquidity is a reasonable proxy for the mismatch.
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sensitivity of AP arbitrage to perceived arbitrage opportunities is significantly reduced when the corporate

bond market effective spread becomes higher – that is, when the liquidity mismatch between the bonds

and the ETFs becomes more significant. Since different specifications follow different models to infer

the effective spreads, it is very unlikely that our results are driven by noise unrelated to corporate bond

illiquidity. These results are consistent with Predictions i) and iii) in Corollary 1.1.

Table 1.4: The effect of liquidity mismatch on ETF arbitrage

This table reports the results of panel regressions of AP arbitrage activity as proxied for by the percentage change in daily ETF shares
outstanding on proxies for the perceived arbitrage opportunity, proxies for the level of liquidity mismatch and the interaction between
perceived arbitrage opportunity and liquidity mismatch:

% AP Arbitragei,t→t+1 = αi + β1 · Premiumi,t + β2 ·Mismatcht + β3 · Premiumi,t ·Mismatcht + ξXt + ωNi,t + εi,t

The unbalanced sample contains 33 corporate bond ETFs from April 2004 to December 2015. Columns (1) to (7) uses the ETF premium,
ETF Premiumi,t, as the proxy for ETF arbitrage opportunity but uses several corporate bond market effective spread measures as the
proxy for the liquidity mismatch: imputed round-trip trading cost (Feldhütter, 2012), Roll (1984) measure, price dispersion (Han
and Zhou, 2016; Pu, 2009; Jankowitsch et al., 2011), effective tick (Goyenko et al., 2009; Holden, 2009), high-low measure (Corwin
and Schultz, 2012) and FHT measure (Fong et al., 2017). The market measure of each effective spread proxy for bond illiquidity is
computed as the cross-sectional median for all corporate bonds. The illiquidity composite in Column (7) of these six effective spread
measures is the unweighted mean across spread proxies. Finally the proxy for liquidity mismatch in Column (8) is the Amihud (2002)
price impact measure. The percentage change in daily ETF shares, AP Arbitragei,t→t+1, and the ETF premium, ETF Premiumi,t, are
reported in percent, while the measure of market volatility, VIXt and buy-sell ETF volume are normalized to mean zero and standard
deviation one. Effective spread measure is reported in basis points. Ni,t controls for the lagged and contemporaneous NAV and ETF;
all regression include ETF and time-fixed effects t-statistics calculated using Driscoll-Kraay standard errors with bandwidth 8 are
shown in parentheses below the coefficient estimates: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(1) (2) (3) (4) (5) (6) (7) (8)
Mismatcht IRT Roll Dispersion Eff. Tick High-Low FHT Composite Amihud

Premi,t 0.694∗∗∗ 0.645∗∗∗ 0.590∗∗∗ 0.866∗∗∗ 0.630∗∗∗ 0.612∗∗∗ 0.668∗∗∗ 0.598∗∗∗

(5.10) (6.00) (6.41) (4.27) (5.36) (6.10) (5.69) (6.62)

Illiqt 0.170 -0.569 -0.0919 -0.649 -0.0962 0.273 -0.359 -0.0309
(0.36) (-0.84) (-0.22) (-0.79) (-0.40) (1.33) (-0.50) (-1.08)

Premi,t * Illiqt -0.304∗∗∗ -0.202∗∗∗ -0.228∗∗∗ -0.579∗∗ -0.145∗∗∗ -0.186∗∗∗ -0.251∗∗∗ -0.0276∗∗∗

(-2.60) (-3.43) (-3.43) (-2.53) (-2.60) (-3.30) (-3.15) (-3.91)
ETF FE Yes Yes Yes Yes Yes Yes Yes Yes

Macro Controls Yes Yes Yes Yes Yes Yes Yes Yes
ETF Controls Yes Yes Yes Yes Yes Yes Yes Yes
Observations 27077 27077 27077 27077 27052 27077 27077 27077
Adjusted R2 0.019 0.019 0.019 0.019 0.019 0.019 0.019 0.020

We also consider an illiquidity composite in specification (7), which is the unweighted mean across

all of the six effective spread measures. The average further reduces the noise in the inference. The

results are shown to be significant and consistent with earlier specifications as well: an increase in the ETF

premium by 1 percent at time t leads to a 67 basis point increase in the shares outstanding as a result of

APs’ arbitrage from t to t + 1. Nevertheless, an increase in the interaction between arbitrage opportunity

and effective bid-ask spread by one standard deviation leads to a 9.4% reduction in the ETF arbitrage

((0.250× 0.251)/0.668); the economic magnitude is smaller than the estimate derived using market volatility

because the VIX likely captures several frictions. As expected, the direct effect of an increase in bond
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market liquidity does not have a statistically significant interpretation since shocks to bond market liquidity

may generate either an ETF premium or discount leading to opposite effects on AP arbitrage.

Finally, we consider our eighth proxy for liquidity mismatch in specification (8) – Amihud (2002)

price impact measure. In contrast, with the effective spread proxies that do not consider the volume

aspect of trade, Amihud (2002) measures the basis point price impact of a given trade size; a higher price

impact suggests a more significant liquidity mismatch. The measure of price impact is computed as the

cross-sectional median for all corporate bonds in the corresponding basket. Price impact captures an

important dimension of the liquidity risk faced by APs as a result of the minimum creation units required

in ETF arbitrage. The results are consistent and significant, suggesting that liquidity mismatch creates a

significant burden to AP arbitrage: while ETF arbitrage creates (redeems) shares in response to an ETF

premium (discount), a one standard deviation increase in the interaction between the perceived arbitrage

opportunity and bond illiquidity reduces the sensitivity of ETF arbitrage by 8.9% ((1.934× 0.0276)/0.598).

Asymmetry in AP arbitrage and the impact of short costs

Our model suggests that short costs affect AP arbitrage asymmetrically: while ETF short costs matter for

ETF creations (APs short ETFs and long corporate bonds), they may not matter for ETF redemptions (APs

short a basket of corporate bonds and long ETFs), and an analogous argument is true for corporate bond

short costs. Outside the baseline model, one may also expect liquidity mismatch to have an asymmetric

impact on AP arbitrage in general because, for example, selling illiquid assets is likely to incur higher

transaction costs than purchasing them, which may in turn interact with the asymmetric impact of short

costs (see Coval and Stafford (2007) for an example in the context of mutual fund fire sales). Therefore, we

explore such asymmetry empirically.

To achieve this goal, we consider the positive and negative components of the ETF premium: Premi,t|+

and Premi,t|− which are defined as the maximum (minimum) of the ETF premium and zero. We distinguish

the components because the ETF arbitrage trades and hence the short costs associated differ depending

on the direction of arbitrage: APs establish short ETF (corporate bond) positions when there is an ETF

premium (discount).38 As a result, ETF (bond) short costs matter to the extent that there is an ETF premium

(discount). An additional benefit of examining the positive and negative components of the ETF premium

is that it allows us to test asymmetries between creations and redemptions in general.

Specifically, we regress AP arbitrage (as proxied for by the level change in ETF shares outstanding)

38Ideally, we are interested in the gross creation and redemption activities of APs and by extension their actual short positions.
Unfortunately, that data does not exist. Nevertheless, Proposition 1.2 suggests that as long as the APs’ bond inventory imbalances are
not large, APs establish ETF (bond) short positions when there is ETF premium (discount), which justifies our empirical approach.
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on the positive and negative components of the ETF premium, as well as market volatility, the composite

effective spread measure and bond and ETF short costs:

AP Arbitragei,t→t+1 = αi + β1 · Premi,t + ∑
Z∈VIX,ILLIQ

{βZ,2 · Zt + βZ,3 · Premi,t · Zt}

+ βshort,2 · SHORTi,t + βshort,3 · Premi,t · SHORTi,t + ξXt + ωNi,t + εi,t

where Premi,t is a vector containing the positive and negative components of the ETF premium. We include

ETF and year-month fixed effects, macroeconomic controls, and time-varying ETF-level controls (including

lagged shares outstanding) as in our earlier canonical specification. The sample size is necessarily restricted

as a result of limited data on short costs. To ensure that there are no sample selection issues, specification

(1) of Table 1.5 reruns the earlier specification of VIX on AP arbitrage using our constrained sample. As

before, we find that the sensitivity of ETF arbitrage to the perceived arbitrage opportunity is strong but

that this sensitivity is reduced as volatility increases.

We use two different proxies of short costs: the indicative lending fee and the Daily Cost to Borrow

Score (DCBS). While the short cost variables reflect the proxies for a given ETF, the short cost variables for

the bond reflect the share-weighted average of bonds in the redemption basket of the ETF. Note that while

the indicative lending fee is simply the indicated average fee of security lending from hedge funds and

brokers, the DCBS is an ordinal integer based on realized and indicative weighted average costs; as a result,

the interpretation of specifications (5)-(7) should be adjusted accordingly. We find that the results using

the two proxies are consistent across the specification and thus focus on the case of indicative lending fees

since they directly reflect percentage dollar costs.

To begin, Specification (2) of Table 1.5 presents the results only on short costs, in particular the interaction

between the ETF premium (discount) and ETF (bond) short costs, without additional volatility or liquidity

covariates. Several results are drawn: first, the coefficient on the interaction term between the ETF premium

and the ETF short costs is significantly negative suggesting that a higher ETF short cost significantly

decreases the sensitivity of AP arbitrage to the ETF premium consistent with Prediction iv) in Corollary

1.1: a one standard deviation increase in the interaction term reduces the amount of ETF arbitrage by

32% ((0.032 ∗ 3.115)/0.316). Second, in contrast, we do not find a significant response of ETF arbitrage to

variation in the short costs of corporate bonds. The coefficient of the interaction term between the ETF

discount and the bond short cost is small and insignificant. This suggests that the intensity of AP arbitrage

is negatively related to the ETF short cost but not significantly related to the bond short cost.

To better understand this asymmetric effect of short costs, we further regress ETF arbitrage on both

the composite effective spread liquidity proxy (capturing liquidity mismatch), as well as the short costs.
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Table 1.5: Arbitrage asymmetry and ETF shorting costs

This table reports the results of panel regressions of AP arbitrage activity as proxied for by the change in daily ETF shares outstanding
on the perceived arbitrage opportunity, market volatility, corporate bond market illiquidity and short costs for ETFs and the ETF bond
basket:

AP Arbitragei,t→t+1 = αi + β1 · Premi,t + ∑
Z∈VIX,ILLIQ

{βZ,2 · Zt + βZ,3 · Premi,t · Zt}

+ βshort,2 · SHORTi,t + βshort,3 · PREMi,t · SHORTi,t + ξXt + ωNi,t + εi,t

The unbalanced sample contains 33 corporate bond ETFs from December 2010 to December 2015 and is restricted due to the availability
of lending fee data. The change in daily ETF shares, AP Arbitragei,t→t+1 is in units of million; ETF premium, Premi,t, is in percent
and is decomposed into its positive and negative components: Premi,t|+ and Premi,t|−. VIXt is normalized zero mean, standard
deviation one; corporate bond market effective spread composite, ILLIQt) is reported in basis points and the cost of arbitrage (ETF
and corporate bond lending fees, ShortETF

i,t , ShortBond
i,t ) are reported in percent. All regression include ETF fixed effects as well as fund

and macro-economic controls. Two lending fee variables are obtained from Markit Securities Finance Analytics: indicative lending fees
in Columns (2)-(4) and Daily Cost to Borrow Score (DCBS) in Columns (5)-(7). ShortBond

i,t is the share-weighted average of individual
bond lending fees is the redemption basket of ETF i on date t. t-statistics with Driscoll-Kraay standard errors with bandwidth 8 are
shown in parentheses: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(1) (2) (3) (4) (5) (6) (7)
Short Cost Proxy Indicative Fee Markit DCBS
Premi,t 0.181∗∗∗

(6.09)
VIXt -0.00573 -0.00247 -0.000513

(-0.24) (-0.09) (-0.02)
Premi,t * VIXt -0.0251∗∗ 0.00922 0.00885

(-2.24) (0.44) (0.41)
Premi,t|+ 0.316∗∗∗ 0.395∗∗∗ 0.425∗∗∗ 0.485∗∗∗ 0.542∗∗∗ 0.571∗∗∗

(6.03) (3.50) (3.10) (6.05) (4.06) (3.71)
Premi,t|− 0.171 0.912 0.956 -1.523 -1.773 -1.692

(0.21) (0.97) (1.03) (-0.42) (-0.44) (-0.42)
Premi,t|+ * Illiqt -0.148 -0.204 -0.120 -0.174

(-1.02) (-1.04) (-0.83) (-0.92)
Premi,t|− * Illiqt -1.343∗ -1.414∗ -1.409∗ -1.475∗

(-1.73) (-1.80) (-1.73) (-1.77)
Illiqt -0.137 -0.118 -0.166 -0.150

(-0.84) (-0.65) (-0.99) (-0.81)
ShortETF

i,t 1.757∗∗∗ 1.701∗∗∗ 1.708∗∗∗ 0.0523∗∗∗ 0.0505∗∗∗ 0.0506∗∗∗

(4.94) (4.89) (4.89) (5.91) (5.68) (5.66)
Premi,t|+ * ShortETF

i,t -3.115∗∗∗ -3.041∗∗∗ -3.063∗∗∗ -0.0891∗∗∗ -0.0866∗∗∗ -0.0871∗∗∗

(-4.04) (-3.74) (-3.76) (-4.90) (-4.67) (-4.69)
ShortBond

i,t -0.401 -0.419 -0.417 -0.406 -0.425 -0.422
(-1.52) (-1.58) (-1.57) (-0.89) (-0.91) (-0.91)

Premi,t|− * ShortBond
i,t 0.440 0.740 0.713 1.802 2.918 2.868

(0.23) (0.37) (0.35) (0.52) (0.72) (0.71)
ETF FE Yes Yes Yes Yes Yes Yes Yes
Macro Controls Yes Yes Yes Yes Yes Yes Yes
ETF Controls Yes Yes Yes Yes Yes Yes Yes
Observations 6390 6079 6079 6079 6079 6079 6079
Adjusted R2 0.087 0.096 0.098 0.097 0.098 0.100 0.100

43



Specification (3) of Table 1.5 shows that the asymmetric effect of ETF and bond short costs on AP arbitrage

remains: while increases to the ETF short costs reduce the amount of ETF arbitrage even if the ETF premium

is high, ETF arbitrage is unaffected by variation in the short costs of the redemption basket of bonds.

Interestingly, a new asymmetric effect of liquidity mismatch on AP arbitrage emerges. Specifically, the

interaction between ETF discounts and bond market liquidity in specification (3) is large and statistically

significant at the 10% confidence level: a one standard deviation increase in the interaction term leads to

a reduction in ETF redemptions of nearly one-half ((0.313 ∗ 1.343)/0.912). In contrast, the effect of bond

market liquidity is negative but not statistically significant.

The new asymmetric effect of liquidity mismatch helps reconcile the early documented asymmetric

effect of short costs: APs creating ETF shares can put the basket of bonds to the sponsor regardless of bond

liquidity but would likely be impacted by the ETF short costs when shorting the ETFs in the first place; in

contrast, APs redeeming ETF shares receive a basket of bonds which they in turn must liquidate by selling

into an illiquid market so that are more likely to be first constrained by bond illiquidity. In other words,

when APs are likely to short bonds in the latter case, the potential effect of bond short costs on arbitrage

activities may be largely absorbed and driven by the effect of liquidity mismatch. This is consistent with

the literature documenting that bond short costs can be largely determined by bond illiquidity. Specifically,

Krishnamurthy (2002) looks at the Treasury bond market and finds that more liquid Treasury bonds, in

particular more newly issued ones, are likely to have higher short costs due to the large demand to use them

for hedging or speculative trading. In contrast, Nashikkar and Pedersen (2007) and Asquith et al. (2013)

focus on corporate bonds as we do, and they find that more illiquid corporate bonds are likely to have

higher short costs either because they have larger downside risks or because of a lower supply for lending.

As a result, the observed asymmetry in the impact of short costs on AP arbitrage is broadly consistent with

the (asymmetric) impact of liquidity mismatch, further confirming Prediction iii) in Corollary 1.1.

Moreover, controlling for both short costs and liquidity mismatch, we find that the decrease in arbitrage

sensitivity is asymmetrically large when the ETF price falls below the value of the bond holdings: a

one standard deviation increase in the ETF short cost reduces ETF creations by less than a one standard

deviation increase in bond market liquidity reduces ETF redemptions. This reflects a natural asymmetry in

ETF arbitrage as a result of the liquidity mismatch. During ETF creations, (illiquid) bonds are shifted off

of APs’ balance sheets to ETF sponsors without the need to enter the OTC market; in contrast, APs take

exposure to (illiquid) bonds following ETF redemptions to the extent that the short corporate bond positions

of APs were not perfect at the initiation of arbitrage or shortly thereafter. As a result, ETF arbitrage by APs

is more sensitive to relative mispricings between the ETF and the corporate bond when the ETF premium

is positive: an increase of one percent in the ETF premium, generates a first-order increase in APs’ ETF
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creations by roughly 400 thousand shares. In contrast, an increase of one percent in the ETF discount, leads

to a statistically insignificant change in ETF redemptions. This asymmetry suggests a particular risk since

APs who correct this relative mispricing become more exposed to risks arising from liquidity mismatch.

Finally, we horserace the empirical proxies for arbitrage frictions that we consider so far – market

volatility, bond market illiquidity and short costs – in specification (4) of Table 1.5. There are two points:

first, the asymmetric findings in the effect of liquidity and short costs on ETF arbitrage remain and indeed

become (marginally) more significant when market volatility is included. Second, the effect on market

volatility that was robustly documented becomes statistically insignificant. This is consistent with the initial

argument that VIX likely captures liquidity mismatch, the central friction that we focus on in this paper.

1.5.2 Impact of APs’ corporate bond imbalances on AP arbitrage

More crucially, bond inventory generates unique risks to AP arbitrage because bond inventory imbal-

ances generate two (potentially opposing) effects on AP arbitrage. On one hand, small inventory imbalances

of APs do not inhibit AP arbitrage (and may even encourage arbitrage by reducing the risks of holding

illiquid corporate bonds); on the other hand, as the inventory imbalance moves further away from the

optimal level, APs may use ETF creations and redemptions to manage their inventory risk rather than to

close relative mispricings (because the ETF arbitrage mechanism represents a more efficient method of

trade relative to over-the-counter market transactions), as suggested by Proposition 1.2 and Corollary 1.2.

This is an unexplored limits to arbitrage and a channel through which fragility is introduced to ETFs by

rendering the arbitrage mechanism that aligns ETF prices ineffectual.

To understand how corporate bond inventory of APs impacts their ETF arbitrage, we first construct a

measure of APs’ bond inventory. Specifically given the data concerns addressed in Section 1.4.3, we examine

bond inventory imbalances, FLOWAP
i,t−20→t, defined as the backward-looking twenty-day share-weighted

average net order flow for the corresponding creation/redemption basket of corporate bonds of ETF i

aggregated over all corresponding APs. This measure follows the spirit of the standardized inventory

measures in Hansch et al. (1998) and Reiss and Werner (1998), accounting for the additional fact that the

bliss inventory level of bond dealers change over time. Hence, we focus on potential inventory imbalances

from a (latent) time-varying bliss inventory level.39

To capture the relative direction between ETF premiums and APs’ bond inventory imbalances, we

39We also consider bond inventory imbalances over a variety of backward-looking windows including two-week and six-week
windows; the results are qualitatively similar but with varying statistical significance. Given that the median bond in the sample of all
corporate bond transactions reported in TRACE trades roughly 14 times per month and the 25th percentile of the trade frequency
distribution in a month is less than 5 trades, we consider the twenty-trading-day window to be a reasonable window to construct
“shocks” to inventory bliss points.
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decompose the inventory imbalance proxy into its positive and negative components to capture both

positive and negative deviation from a bliss bond inventory level. The positive and negative components of

inventory shocks are given by FLOWAP
i,t |+ and FLOWAP

i,t |−. Proposition 1.2 and Corollary 1.2 furthermore

suggest that the impact of APs’ bond inventory imbalances is significant when imbalances are large (and

thus the inventory management effect dominates the arbitrage effect). Guided by our theory, for both

the positive and negative components of inventory shocks, we further divide them into non-extreme and

extreme shocks by absolute magnitude labeled SMALL and BIG, which resemble the inventory cycle and

extreme inventory measures in Reiss and Werner (1998). More precisely, for each ETF we estimate the

sample distribution of bond inventory imbalances in the time series. Then FLOWAP
i,t |SMALL

+ (FLOWAP
i,t |BIG

+ )

is equal to positive inventory shocks less than (greater or equal to) the pth percentile for each ETF. We

consider p at different cutoffs in the distribution: 75th, 90th and 95th. Analogous definitions apply to

negative inventory shocks with FLOWAP
i,t |SMALL
− (FLOWAP

i,t |BIG
− ) equal to negative inventory shocks less

than (greater or equal to) the (1− pth) percentile for each ETF.40 This results in the division of the sample

into four categories of inventory: positive SMALL and BIG shocks, and negative SMALL and BIG shocks.

We regress AP arbitrage on the positive and negative components of the ETF premium, the four

categories of shocks to APs’ corporate bond inventory and their interactions with the ETF premium; all

regressions controlling for ETF fixed-effects, macroeconomic and time-varying ETF-level controls as in the

canonical specification as well as a control for the ETF shares outstanding:

AP Arbitragei,t+1 = αi + ∑
z1∈+,−

β1,z1Premi,t|z1

+ ∑
z2∈+,−

(
βSMALL

2,z2
FLOWAP

i,t |SMALL
z2

+ βBIG
2,z2

FLOWAP
i,t |BIG

z2

)
+ ∑

z1∈+,−
∑

z2∈+,−

(
βSMALL

3,z1,z2
Premi,t|z1 × FLOWAP

i,t |SMALL
z2

+ βBIG
3,z1,z2

Premi,t|z1 × FLOWAP
i,t |BIG

z2

)
+ ξXt + ωNi,t + γSHROUTi,t + εi,t

with the positive and negative components of the ETF premium (Premi,t|+ and Premi,t|−) defined as before.

Table 1.6 reports the regression estimates: the extreme cutoff level p = 0.75 in Column (1), p = 0.90 in

Column (3), and p = 0.95 in Column (5). Even-numbered columns report the difference between SMALL

and BIG coefficient estimates within the same signed inventory imbalance and ETF premium states and the

p-value from Wald tests of equality hypotheses in brackets.

40In particular, a “big” positive inventory flow, FLOWAP
i,t |

Big
+ is given as FLOWAP

i,t |
Big
+ = max(FLOWAP

i,t , 0) 1{Bigi,t}, with 1{Bigi,t}
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Table 1.6: Nonlinearities in ETF arbitrage and AP corporate bond inventory

This table reports the results of panel regressions of AP arbitrage activity, as proxied for by the level change in daily ETF shares
outstanding, on the perceived arbitrage opportunity, BIG and SMALL components of inventory shocks and their interactions:

AP Arbitragei,t→t+1 =αi + ∑
z1∈+,−

β1,z1 Premi,t|z1

+ ∑
z2∈+,−

(
βSMALL

2,z2
FLOWAP

i,t |SMALL
z2

+ βBIG
2,z2

FLOWAP
i,t |BIG

z2

)
+ ∑

z1∈+,−
∑

z2∈+,−

(
βSMALL

3,z1 ,z2
Premi,t|z1 × FLOWAP

i,t |SMALL
z2

+ βBIG
3,z1 ,z2

Premi,t|z1 × FLOWAP
i,t |BIG

z2

)
+ ξXt + ωNi,t + γSHROUTi,t + εi,t

The unbalanced sample contains 33 corporate bond ETFs from December 2010 to December 2015. The positive and negative
components of the ETF premium are Premi,t|+ and Premi,t|−. The proxy for inventory shocks, FLOWAP

i,t−20→t, is the backward-looking
twenty-day share-weighted average net order FLOW for a basket of corporate bonds of ETF i aggregated over all corresponding APs.
The positive and negative components of inventory shocks are given by FLOWAP

i,t |+ and FLOWAP
i,t |−; for both components, the shocks

are further divided into SMALL and BIG shocks by absolute magnitude: FLOWAP
i,t |SMALL

+ (FLOWAP
i,t |BIG

+ ) is equal to positive inventory
shocks less than (greater or equal to) the pth percentile for each ETF with p = 0.75 in Columns (1) and (2), p = 0.90 in Columns
(3) and (4) and p = 0.95 in Columns (5) and (6). Analogous definitions apply to negative inventory shocks with FLOWAP

i,t |SMALL
−

(FLOWAP
i,t |BIG
− ) equal to negative inventory shocks less than (greater or equal to) the (1− pth) percentile for each ETF. Columns (2), (4)

and (6) provide the difference between SMALL and BIG coefficient estimates and the p-value from Wald tests of equality hypotheses
in brackets. All regressions include ETF-fixed effects as well as all macroeconomic and time-varying bond-level controls and the
amount of ETF shares outstanding at time t, SHROUTi,t. t-statistics calculated using Driscoll-Kraay standard errors with bandwidth 8
are shown in parentheses: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(1) (2) (3) (4) (5) (6)
p = 0.75 p = 0.90 p = 0.95

(1) FLOWAP
i,t |

SMALL
+ × Premi,t|− 37.80∗∗∗ 32.76∗∗∗ 21.37∗∗∗

(3.46) 22.34∗∗ (4.39) 28.19∗∗∗ (3.39) 16.54∗∗

(2) FLOWAP
i,t |

BIG
+ × Premi,t|− 15.47∗∗∗ [0.0488] 4.569 [0.0010] 4.829 [0.0439]

(3.38) (0.89) (0.87)
(3) FLOWAP

i,t |
SMALL
− × Premi,t|+ -12.16∗∗∗ -8.051∗∗∗ -5.815∗∗∗

(-3.34) -9.795∗∗∗ (-4.74) -7.037∗∗∗ (-4.26) -4.783∗∗∗

(4) FLOWAP
i,t |

BIG
− × Premi,t|+ -2.367∗∗∗ [0.0058] -1.013 [0.0001] -1.032 [0.0001]

(-2.70) (-1.18) (-1.21)

(5) FLOWAP
i,t |

SMALL
+ × Premi,t|+ 7.693∗∗∗ 5.462∗∗∗ 6.122∗∗∗

(3.15) 3.000 (3.33) 0.180 (3.28) 1.478
(6) FLOWAP

i,t |
BIG
+ × Premi,t|+ 4.693∗∗∗ [0.278] 5.282∗∗∗ [0.939] 4.643∗∗ [0.525]

(2.90) (2.60) (2.45)
(7) FLOWAP

i,t |
SMALL
− × Premi,t|− -7.982 -10.37 -8.213∗∗

(-0.80) 5.488 (-1.21) 3.819 (-2.12) 24.55∗∗∗

(8) FLOWAP
i,t |

BIG
− × Premi,t|− -13.47∗∗∗ [0.605] -14.19∗∗∗ [0.689] -32.77∗∗∗ [0.0001]

(-2.71) (-2.67) (-5.11)

Premi,t|+ 0.0631∗∗∗ 0.0651∗∗∗ 0.0644∗∗∗

(6.69) (6.83) (6.78)
Premi,t|− 0.0633∗∗∗ 0.0605∗∗∗ 0.0623∗∗∗

(3.56) (3.33) (3.47)
Observations 19634 19634 19634
Adjusted R2 0.106 0.109 0.106
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The results in Table 1.6 are consistent with Corollary 1.2. We start with the first four interaction terms

(from Row (1) to (4)), in which APs’ bond inventory imbalances and ETF premiums are in the “opposite”

direction. This “opposite” direction implies that APs have positive (negative) bond inventory imbalances

coincident with an ETF discount (premium). APs’ arbitrage motive and inventory management motive may

conflict with each other in these cases. Specifically, in Rows (1) and (2), there is an ETF discount, so the ETF

arbitrage mechanism would imply APs should redeem ETF shares and short the underlying bonds if bond

inventory imbalances are sufficiently small. This arbitrage effect is illustrated by the significant and positive

coefficients across different values of p in Row (1). However, when the positive bond inventory imbalances

are large, the coefficients in Row (2) are significantly smaller as shown in Columns (2), (4), and (6), and

become insignificant from zero as the cut-off for extreme inventory imbalances increases. This suggests that

APs are, on net, either creating more ETF shares to help unwind their positive bond inventory imbalances,

or redeeming less ETF shares because they want to avoid further accumulation of bond inventory away

from the optimal level. This inventory management effect crowds out the arbitrage effect, leading to less

(net) redemptions. These results are consistent with Predictions v) and vi) in Corollary 1.2. The underlying

inventory management effect also resembles the empirical evidence in equity markets that dealers with

long (short) inventory positions are more likely to execute buy (sell) market orders (Hansch et al., 1998;

Reiss and Werner, 1998).

It is worth noting that our measure of realized ETF creations and redemptions – namely, the change in

shares outstanding – is a net measure. As a result, the evidence cannot distinguish whether the APs create

more ETF shares or redeem less ETF shares as their positive bond inventory imbalances become larger.

Nevertheless, in either interpretation, the evidence suggests that the inventory management effect becomes

more dominant relative to the arbitrage effect. As the inventory management effect begins to dominate,

ETF arbitrage is distorted by APs’ inventory management motives as the inventory imbalances become

larger.

Analogously in the case of an ETF premium in Rows (3) and (4), the ETF arbitrage mechanism implies

that APs create ETF shares by submitting the creation basket of bonds to the ETF sponsor as long as bond

inventory imbalances are small. This arbitrage effect is again consistent with the significant and negative

coefficients across different values of p in Row (3).41 When the positive bond inventory imbalances are large,

the absolute value of these (negative) coefficients in Row (4) become much smaller or even insignificant as

shown in Columns (2), (4), and (6). This suggests that the APs are, on net, redeeming more ETF shares

defined as positive (negative) inventory shocks larger (smaller) than the pth ((1− p)th) percentile per ETF.

41Notice that the inventory shocks are negative in this interaction term, so that a negative regression coefficient actually corresponds
to ETF creation.
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and receiving a redemption basket of bonds which helps the dealer achieve her bliss point, or creating less

ETF shares because the AP is constrained by the availability of bonds on balance sheet to construct the

creation basket for ETF arbitrage. Under either interpretation, the inventory management effect crowds out

the arbitrage effect, leading to less (net) creations by APs despite the perceived arbitrage profits from ETF

creation.

The remaining rows of Table 1.6 describes the cases in which APs’ bond inventory imbalances and ETF

premiums are in the “same” direction: APs’ have positive (negative) bond inventory imbalances coincident

with an ETF premium (discount). In these cases, APs’ arbitrage motive and inventory management are

aligned and we would expect, if anything, inventory imbalances to encourage the creation and redemption

of ETFs. The positive coefficients in Rows (5) and (6) suggest that, when there are higher ETF premia and

higher positive bond inventory imbalances, the arbitrage effect dominates and APs create more ETF shares

as expected given the positive arbitrage profits from ETF creation. We do not find any evidence that the

inventory management effect leads APs to create even more shares following an ETF premium. Similarly,

the negative coefficients in Rows (7) and (8) suggest that, when there are higher ETF discounts and higher

negative bond inventory imbalances, the arbitrage effect dominates and APs redeem more ETF shares as

expected given the positive arbitrage profits from ETF redemptions. There is mixed evidence for the role

that inventory management plays for ETF redemptions in the case of large negative inventory imbalances.

When we use a relatively low definition for the cutoff of extreme bond inventory (p ∈ [0.75, 0.90]), APs

do redeem relatively more (alternatively, create relatively less) ETF shares consistent with an AP who

decides to rebuild bond inventory via ETF redemption; nevertheless, the difference is not statistically

significant at the 10% confidence level. In contrast, when we look at the most extreme inventory shocks in

the distribution, p = 0.95, we find statistically significant and large estimates of the difference between

ETF redemptions performed when inventory imbalances are non-extreme versus extreme. This suggests

that the inventory management effect additionally motivates APs to perform ETF redemptions when bond

inventory levels are much lower than the optimal level. Nevertheless, as a whole it becomes harder to

detect the relative contributions of the arbitrage effect and inventory management effect in cases then the

ETF premia and inventory imbalances are aligned. Overall, these findings are also suggestive of Predictions

v) and vi) in Corollary 1.2.

To further explore the conflict between APs’ roles as ETF arbitrageur and bond dealer in greater depth,

we look at the interaction between extreme inventory imbalances and proxies for liquidity mismatch in

Table 1.7. This is consistent with Predictions vi) and vii) in Corollary 1.2, which suggest that the inventory

management effect is likely to be more significant when the magnitude of inventory imbalances is large.

Specifically, we regress AP arbitrage on the positive and negative components of the ETF premium and AP
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inventory, and their interactions with an indicator variable for an extreme bond imbalance:

AP Arbitragei,t→t+1 = αi + Z′β1 + Z′β21{BIGi,t}+ ξXt + ωNi,t + γSHROUTi,t + εi,t

where Z is a vector containing the positive and negative components of the ETF premium, Premi,t|+ and

Premi,t|−; inventory shocks, FLOWAP
i,t |+ and FLOWAP

i,t |+; illiquidity and volatility: ILLIQt and VIXt; and

their interactions. Similarly to the definition used in Table 1.6, we use an indicator, 1{BIGi,t}, which is equal

to one if the positive (negative) inventory imbalances exceed the 95th (5th) percentile for each ETF i. ETF

and year-month fixed effects, macroeconomic controls, and time-varying ETF-level controls are included in

all regressions.

Table 1.7 presents results that are consistent with Predictions v) and vii) in Corollary 1.2. Specification

(1) shows that, when APs experience extreme bond inventory imbalances, APs’ sensitivity to the perceived

ETF arbitrage opportunity increases: when the underlying bond inventory positions are extreme, for a

one percent increase in ETF premiums (discounts), APs decrease their ETF creations (redemptions) by

280 thousand (710 thousand) shares. When APs have extremely positive bond inventory imbalances, they

create less ETF shares, suggesting that they strategically use ETF creations to better rebalance their bond

inventory positions; similarly, when APs have extremely negative bond inventory imbalances, they do

redeem fewer ETF shares. This is inconsistent with the inventory management effect identified in our

model; to explore this apparent inconsistency we examine how the inventory management effect interacts

with our earlier proxies for liquidity mismatch in specification (2), (3), and (4). Specifically, specification (2)

features interaction terms with the effective spread composite, specification (3) features interaction terms

with the VIX, and specification (4) features interactions with both the liquidity mismatch proxies.

Consistent with Prediction vii), when the underlying corporate bonds are more illiquid or when the

VIX is higher, APs create (redeem) even more ETF shares when they experience positive (negative) bond

inventory imbalances. These findings that the inventory management effect is conditional on the state of

the economy (proxied by market illiquidity or volatility) helps to rationalize the apparently contradictory

finding that APs have extremely negative bond inventory imbalances appear to create more ETF shares.

Notice that this direction of AP creation/redemption activities here is in contrast to our earlier findings

that APs create (redeem) fewer ETF shares when there is ETF premium (discount) and the underlying

corporate bonds are more illiquid or market volatility is high (see Corollary 1.1, Prediction iii). Intuitively,

this contrast implies that APs are more likely to use ETF creations and redemptions to reduce their high

inventory management costs when the underlying bonds are more illiquid or when the VIX is higher. This

contrast is suggestive of the potential conflict between the arbitrage effect and the inventory management

effect; this conflict in turn may result in potential fragility of the ETF arbitrage mechanism.
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Table 1.7: The effect of AP inventory imbalance on ETF arbitrage is state dependent

This table reports the results of panel regressions of AP arbitrage activity as proxied for by the change in daily ETF shares outstanding
on the perceived arbitrage opportunity, market volatility, corporate bond market illiquidity and short costs for ETFs and the ETF bond
basket:

AP Arbitragei,t→t+1 = αi + Z′β1 + Z′β21{BIGi,t}+ ξXt + ωNi,t + γSHROUTi,t + εi,t

where Z is a vector containing the positive and negative components of the ETF premium, Premi,t|+ and Premi,t|−; inventory shocks,
FLOWAP

i,t |+ and FLOWAP
i,t |−; illiquidity and volatility: ILLIQt and VIXt; and their interactions. 1{BIGi,t} is an indicator variable equal

to one if the positive (negative) inventory shock exceeds the 95th (5th) percentile for each ETF i. The proxy for inventory shocks,
FLOWAP

i,t−20→t, is the backward-looking twenty-day share-weighted average net order flow for the arbitrage basket of corporate bonds
of ETF i aggregated over all corresponding APs. The unbalanced sample contains 33 corporate bond ETFs from December 2010 to
December 2015. All regressions include ETF-fixed effects as well as all macroeconomic and time-varying bond-level controls and the
amount of ETF shares outstanding at time t, SHROUTi,t. t-statistics calculated using Driscoll-Kraay standard errors with bandwidth 8
are shown in parentheses below the coefficient estimates: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(1) (2) (3) (4)
1{BIGi,t} * Premi,t|+ -0.280∗∗∗ -0.291∗∗∗ -0.266∗∗∗ -0.277∗∗∗

(-6.47) (-6.41) (-6.10) (-6.19)
1{BIGi,t} * Premi,t|− -0.710∗∗∗ -0.705∗∗∗ -0.720∗∗∗ -0.722∗∗∗

(-4.59) (-4.58) (-4.62) (-4.69)

1{BIGi,t} * FLOWAP
i,t |+ -0.156 1.301∗∗ 0.0568 1.414∗∗

(-0.36) (2.19) (0.13) (2.26)
1{BIGi,t} * FLOWAP

i,t |− -0.431 -0.353 -0.732 0.0819
(-0.86) (-0.48) (-1.32) (0.12)

FLOWAP
i,t |+ * ILLIQt -0.309∗ -0.541∗∗

(-1.85) (-1.98)
FLOWAP

i,t |− * ILLIQt -0.0591 -0.129∗

(-0.68) (-1.95)
1{BIGi,t} * FLOWAP

i,t |+ * ILLIQt 1.759∗∗∗ 1.996∗∗∗

(3.01) (2.70)
1{BIGi,t} * FLOWAP

i,t |− * ILLIQt 1.0954 1.353∗

(0.14) (1.66)

FLOWAP
i,t |+ * VIXt -0.108∗ -0.424∗

(-1.75) (-1.83)
FLOWAP

i,t |− * VIXt -0.246 -0.359∗

(-1.63) (-1.86)
1{BIGi,t} * FLOWAP

i,t |+ * VIXt 1.645∗ 1.471∗

(1.82) (1.76)
1{BIGi,t} * FLOWAP

i,t |− * VIXt 1.738∗ 2.571∗∗

(1.72) (2.20)
ETF FE Yes Yes Yes Yes
Macro Controls Yes Yes Yes Yes
ETF Controls Yes Yes Yes Yes
Observations 19634 19634 19634 19634
Adjusted R2 0.064 0.066 0.065 0.069
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We want to underscore that the conflict between the arbitrage effect and the inventory management

effect, along with the more fundamental conflict between APs’ ETF arbitrageur and bond dealer roles, is a

direct reflection of the liquidity mismatch between the corporate bond and ETF market. If the ETFs and

the underlying assets are equally (il)liquid, there is no inventive for the APs to use (costly) ETF creations

and redemptions to help manage their inventory. Importantly, this logic relies on the presence of liquidity

mismatch but not on the level of asset illiquidity. Even if both ETFs and the underlying assets were equally

illiquid, there is no such inventory management effect and thus the AP arbitrage mechanism would not be

distorted.

1.5.3 Implications of realized AP arbitrage

One natural question beyond our model is how realized AP arbitrage in turn affects relative mispricings

across markets as well as the return and liquidity in the underlying corporate bond market. We provide ev-

idence along several dimensions. Our empirical findings suggest that realized AP creation and redemption

activities are likely to reduce relative mispricings across the ETF and bond markets, and increase future

liquidity in the underlying bond market. But these effects may become weaker or even reversed when

liquidity mismatch or APs’ bond inventory imbalances are greater.

Subsequent ETF premiums and discounts

ETF arbitrage by APs plays an important role in closing relative ETF mispricings thereby aligning the

risk and return profile of the ETF with that of its underlying corporate bond portfolio. When AP arbitrage

is limited by liquidity mismatch, these benefits are reduced.

Table 1.8 shows evidence that the withdrawal of APs leads to increases in ETF mispricing and more

so as the liquidity mismatch increases. Specifically, we regress the amount of ETF arbitrage that occurs

from t to t + 1 and the subsequent ETF premium at t + 1 on the current ETF arbitrage premium at t and

prevailing liquidity mismatch proxies, market volatility or bond market illiquidity:

yi,t+1 = αi + β1 · Premiumi,t + β2 ·Mismatcht + β3 · Premiumi,t ·Mismatcht + ξXt + ωNi,t + εi,t

with yi,t+1 either the next period ETF premium or changes in ETF shares outstanding. We consider our two

proxies of liquidity mismatch: VIX in Columns (1) and (2), and the effective spread proxy for corporate

bond market illiquidity in Columns (3) and (4).

Consistent with the design of the ETF arbitrage mechanism, Specifications (1) and (3) show that in

response to ETF premiums (discounts), APs create (redeem) ETF shares: a one percent increase in the
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Table 1.8: Persistence of relative ETF mispricings depends on ETF arbitrage

This table reports the fund-level panel regressions of next period ETF arbitrage and ETF premiums at t + 1 on this periods’ ETF
premium, proxy for liquidity mismatch and their interactions:

yi,t+1 = αi + β1 · Premiumi,t + β2 ·Mismatcht + β3 · Premiumi,t ·Mismatcht + ξXt + ωNi,t + εi,t

where yi,t+1 is either Premiumi,t+1 or ∆AP Arbitragei,t→t+1, and Premiumi,t is a vector of the positive and negative components of
the ETF premium, Premi,t|+ and Premi,t|−. The unbalanced sample contains 33 corporate bond ETFs from April 2004 to April 2016.
The mismatch proxy is either the market volatility VIXt, which is normalized zero mean, standard deviation one and reported in
Columns (1) and (2); or the corporate bond market effective spread composite, ILLIQt reported in Columns (3) and (4). All regression
include ETF fixed effects as well as fund and macro-economic controls. t-statistics calculated using Driscoll-Kraay standard errors
with bandwidth 8 are shown in parentheses below the coefficient estimates: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(1) (2) (3) (4)
Dependent var ∆Sharesi,t+1 Premiumi,t+1 ∆Sharesi,t+1 Premiumi,t+1
Mismatcht VIXt Illiquidityt
Premi,t|+ 0.0938∗∗∗ 0.781∗∗∗ 0.108∗∗∗ 0.778∗∗∗

(9.43) (43.61) (7.50) (23.41)

Premi,t|− 0.0934∗∗∗ 0.731∗∗∗ 0.147∗∗∗ 0.883∗∗∗

(4.61) (14.79) (4.86) (20.67)

Premi,t|+ * Mismatcht -0.0153∗∗∗ 0.0250∗∗ -0.0483∗∗∗ 0.0348
(-4.23) (2.46) (-3.65) (0.80)

Premi,t|− * Mismatcht -0.00786∗∗ 0.0689∗∗∗ -0.0615∗∗∗ 0.260∗∗∗

(-2.09) (9.79) (-3.56) (8.76)

Mismatcht 0.0332∗∗∗ 0.0207 0.0522 -0.169
(3.28) (0.99) (1.03) (-0.82)

ETF FE Yes Yes Yes Yes
Macro Controls Yes Yes Yes Yes
Observations 29120 29120 27075 27075
Adjusted R2 0.040 0.760 0.040 0.762

ETF premium (discount) leads to the creation (redemption) of roughly 93 thousand shares; the response is

slightly larger, around 100 thousand shares in the specifications using bond market illiquidity. However,

this sensitivity falls when either market volatility or bond market illiquidity rise as we have shown earlier:

in response to a one standard deviation increase in the interaction between the ETF premium and VIX, the

amount of ETF arbitrage by APs falls by roughly a third for ETF premiums and a tenth for ETF discounts

((2.06 ∗ 0.0153)/0.0938 = 0.336 for creations, (0.72 ∗ 0.00786)/0.0934 = 0.061 for redemptions).

More importantly, as market volatility or liquidity mismatch increases, we find that relative ETF

mispricings become generally more persistent, likely being driven by the withdrawal of APs. Note that

unconditionally, ETF premiums are somewhat persistence: while there is variation in estimates across

the specifications, roughly 75% of a given shock to the ETF premium remains the following trading day.

However, as Specifications (2) and (4) show, the withdrawal of ETF arbitrage by APs as market volatility

or liquidity mismatch grows leads to an increase in the persistence of relative mispricings when ETF

discounts happen (corporate bonds are priced above the ETF price). A one standard deviation increase
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in the interaction between the ETF premium and market illiquidity causes shocks in the ETF premium to

persist even more. For a given shock to the interaction between ETF premium and bond market illiquidity

at t, roughly 80% of the shock persists to ETF premiums at t + 1 (adding the total effects from a shock

to illiquidity for a given ETF premium yields 0.778 + 0.854 ∗ 0.0348 = 0.808). This represents a slight

increase in relative ETF mispricing persistent than the baseline of 78%. In contrast, a one standard deviation

increase in the interaction between the ETF discount and bond market illiquidity causes relative ETF

mispricings to persist more. For a given shock at t, nearly all of the shock (96%) persists into relative ETF

mispricings at t + 1 (adding the total effects from a shock to illiquidity for a given ETF discount yields

0.883 + 0.313 ∗ 0.260 = 0.964). This asymmetry between the persistence of ETF discounts relative to ETF

premiums as a result of the withdrawal in ETF arbitrage by APs reflects the risks of liquidity mismatch:

APs withdraw relatively more from performing ETF redemptions given ETF discounts as market volatility

and/or liquidity mismatch increase which in turn results in more persistent shocks to relative mispricing.

General ETF pricing

To look at the ETF pricing implications of AP arbitrage more generally, Table 1.9 further shows two

trading strategies in ETFs where portfolios are sorted by the amount of AP arbitrage and by either the

liquidity of the ETF bonds in the arbitrage baskets or by the absolute deviation of inventory from a bliss

point proxied for by bond order flows. Specifically, at the start of each month, sort ETFs into four portfolios

based on the average daily change in shares outstanding with portfolio Q1 (Q4) representing the ETFs

with the most redemptions (creations). For each of these arbitrage-sorted portfolios, sort the ETFs within

each portfolio into three subsequent portfolios by either the daily average effective bid-ask spread of the

bonds in the arbitrage baskets over the previous month (liquidity sort reported in Panel A), or by the

absolute value of the secondary bond market order flow over the previous month by all APs of the ETF

(inventory sort reported in Panel B). Portfolio T1 (T3) in the double-sort represents the bonds with the

most liquid bonds or smallest inventory deviation (most illiquid bonds or largest inventory deviation). The

double-sort generates variation in realized ETF arbitrage over liquidity mismatch or inventory frictions

which may affect how APs view ETF arbitrage. Long-short portfolios constructed over ETF arbitrage and

liquidity or inventory sorts are reported at the margins of the table; annualized t-statistics are reported in

parentheses underneath time-series averages of the annualized monthly portfolio returns in excess of the

monthly risk-free rate.

We find that APs perform relatively less arbitrage, in particular, redemptions, than required to im-

mediately reduce the relative mispricing between ETF and the underlying basket of bonds. This initial
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Table 1.9: ETF trading strategies around large ETF creations and redemptions

This table reports the annualized monthly excess returns for portfolios of ETFs double-sorted by the prior month daily average
changes in shares outstanding (%∆SHROUT) and the prior month daily average bid-ask spread proxy for bonds in the arbitrage
basket (ILLIQ) in Panel A., and the prior months’ absolute bond inventory shock computed as the twenty-day share-weighted average
net order flow for a basket of corporate bonds of an ETF aggregated over all corresponding APs (%∆SHROUT) in Panel B. The trading
sample is January 2013 to December 2015 to allow sufficient number of corporate bond ETFs to construct the 12 portfolios. In each
portfolio sort, ETFs are first sorted into four portfolios based on the daily average changes in the shares outstanding over the prior
month. Q1 (Q4) represents the ETFs with the most redemption (creation) activity. Each of these four portfolios are subsequently
sorted by the average liquidity of the bonds in the ETF’s arbitrage basket (Panel A) or by APs’ absolute inventory shock (Panel B). We
report long-short portfolios in average changes in shares outstanding in the lowest table row, and in liquidity or inventory in the
right-most table column. t-statistics are shown in parentheses below the coefficient estimates.

Panel A. Double sort on ETF arbitrage and bond illiquidity
ILLIQ

T1 T2 T3 T1-T3

%
∆

SH
R

O
U

T

Q1 -0.4091 2.7258 3.2621 -2.1880
(-0.9983) (4.0058) (3.1086) (-2.5334)

Q2 2.2044 0.6842 1.6163 -1.3906
(7.7460) (0.6833) (1.5245) (-1.8148)

Q3 0.6968 2.6990 0.7091 -0.7891
(1.7561) (3.2844) (0.6950) (-0.9026)

Q4 1.2868 1.8273 1.5602 -0.2733
(4.8807) (3.0226) (1.8037) (-0.3969)

Q1-Q4 -1.7282 0.8986 1.7019
(-4.0873) (1.7718) (2.7671)

Panel B. Double sort on ETF arbitrage and absolute inventory shocks

|FLOWAP|
T1 T2 T3 T1-T3

%
∆

SH
R

O
U

T

Q1 1.1804 2.3445 3.0295 -1.8491
(1.3201) (3.0895) (4.6476) (-3.6387)

Q2 0.6223 -1.0880 1.1063 -0.4840
(0.7529) (-1.1109) (1.8280) (-0.7883)

Q3 5.0016 3.1752 0.5098 4.4918
(6.4221) (3.4660) (0.8627) (7.6463)

Q4 2.2076 0.7377 -0.4003 2.6079
(3.3089) (0.9623) (-0.5665) (6.0774)

Q1-Q4 -1.0272 1.6068 3.4298
(-1.6110) (2.0146) (6.4592)

under-reaction in the sorting month leads to positive returns in the trade month, and particularly so when

frictions to ETF arbitrage are high – that is, when the arbitrage basket of bonds is illiquid or when APs are

far away from their inventory bliss point. These findings are consistent with the analysis of subsequent

relative mispricing between ETF and bonds in the previous subsection.

Specifically, consider the trading strategy that double sorts on ETF arbitrage and arbitrage basket bond

illiquidity reported in Table 1.9, Panel A. ETFs with the most illiquid arbitrage basket of bonds (T3) and

experienced larger redemption activity over the prior month (Q1) earn an annualized 1.7% higher excess

return than ETFs with larger creation activity (Q4). This suggests that APs perform less ETF arbitrage for

illiquid arbitrage baskets resulting in an initial ETF price under-reaction. Over the following month, the
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ETF price continues to rise as APs trade to close the ETF discount. Alternatively, considering the ETFs

with the most redemption activity (Q1) and sorting by bond illiquidity reveals that ETFs with illiquid

arbitrage baskets earn a subsequent annualized excess return of 3.26% while ETFs with liquid arbitrage

baskets earn a subsequent return that is statistically indistinguishable from zero. A long-short portfolio of

high redemption ETFs sorted by arbitrage basket illiquidity earns annualized excess returns of 2.19%. In

contrast, ETFs with high creation activity and illiquid arbitrage baskets do not earn a statistically different

return than those ETFs with more liquid arbitrage baskets.

Next, consider the trading strategy in Table 1.9, Panel B that double sorts on ETF arbitrage and the

absolute value of APs’ bond order flows averaged over the arbitrage basket. As we have argued, APs

with inventory positions that are further away from their bliss point may be less likely to perform ETF

arbitrage. The results for ETFs with the highest amount of redemptions are similar to the results from Panel

A. Specifically, for these ETFs (Q1), a sort that goes long these ETFs with AP inventory position far from

bliss level (T3) and short those with smaller deviations from bliss point (T1) earns an annualized excess

return of 1.85%. Moreover, looking specifically at portfolios with ETFs exposed to the largest inventory

deviations (T3) shows that redemptions portfolios (Q1) earns an annualized excess return of 3.03% while

the creation portfolio (Q4) earns an statistically insignificant annualized excess return of -0.40%. However

sorting amongst creations portfolios (Q4) by absolute inventory deviations (T1− T3) suggests that APs

perform too much share creation in response to an ETF premium. ETF arbitrage in the prior sorting month

generates an over-reaction pushing the ETF price down too far; in the subsequent trading month, the ETF

price rises generating a positive return. Specifically, amongst creations portfolios (Q4), ETF portfolios with

smaller absolute inventory deviations earn an annualized excess return of 2.21% compared with portfolios

with large inventory absolute deviations that earn a statistically insignificant annualized excess return of

-0.40%.

Bond excess returns

The effects of realized AP arbitrage have impacts on the underlying corporate bond market as well.

Table 1.10 looks at the impact of APs’ ETF creations and redemptions on future bond excess returns at the

monthly frequency. While potential short-term price effects due to ETF arbitrage should not be unexpected

given the need to go long or short a portfolio of corporate bonds, we are specifically interested in more

long-term effects of ETFs and ETF arbitrage on the underlying bond market. For example, we would expect

to see more permanent effects on corporate bond returns (perhaps due to liquidity) for bonds that are not

just more heavily held by ETFs as a proportion of their amount outstanding, but specifically because they

56



are traded more frequently as a result of ETF arbitrage. We proxy for ETF arbitrage activity in two ways.

First, we construct the intensity of creations and redemptions performed for a given bond over all of the

ETFs holding that bond. We follow Da and Shive (2016) and define the arbitrage intensity of each bond j as

the value-weighted average of the monthly standard deviation of the daily number of shares outstanding

of an ETF, divided by the mean shares outstanding during the month, over all ETFs holding that bond:

C/R Intensityj,t =
∑K

(
ωj,k,tσ̃(Shares)k,t

)
∑K ωj,k,t

with σ̃(Shares)j,k,t = σ(Shares)k,t/µ(Shares)k,t. This measure however ignores potential asymmetries

between ETF creations and redemptions. Second, we consider an alternative proxy of ETF arbitrage activity

for a given bond j as the weighted average sum of all creations and redemptions over each bond in a given

month over all ETFs holding the bond.

We regress expected corporate bond returns over the one month Treasury return (reported in basis

points) on the share of bond amount outstanding held by ETFs and our measures of AP arbitrage activity

at the monthly frequency:

XRj,t→t+1 = αj + γt + λETFHeldj,t + βAPActivityj,t + ωNj,t + εj,t

ETFHeldj,t is the percent of amount outstanding (in par dollars) held by all the corporate bond ETFs in

the sample. We use the C/R Intensity proxy of AP arbitrage activity in Column (1) of Table 1.10 but rely

on the disaggregated components of ETF arbitrage, Creationj and Redemptionj, in Columns (3) to (5).

We take advantage of our detailed data on the exact composition of ETF arbitrage bonds and construct

variables Basket
CR (Basket

RD) equal to the fraction of trading dates for which a bond is in the creation

(redemption) arbitrage basket. Finally, we used bond and time fixed effects, fund-level control variables (the

share-weighted average and standard deviation of the ETF premium) and controls at the mutual-fund sector.

We add controls for the mutual-fund sector in an attempt to isolate the effect solely due to corporate bond

ETF transactions. Specifically, we control for 1) the share of bond amount outstanding held by corporate

bond mutual funds, and 2) the bond-level net fund flows aggregated over all corporate bond mutual

funds.42 Standard errors are double-clustered at the month-year and bond level and are presented in

parentheses; double-clustering by both time and by bond adjusts the inference for simultaneous correlation

42We select corporate bond funds based on the objective codes provided by CRSP. Specifically, to be classified as a corporate bond
fund, a mutual fund must have a (1) Lipper objective code in the set (’A’,’BBB’,’HY’,’SII’,’SID’,’IID’), or (2) Strategic Insight objective
code in the set (’CGN’,’CHQ’,’CHY’,’CIM’,’CMQ’,’CPR’,’CSM’), or (3) Wiesenberger objective code in the set (’CBD’,’CHY’), or (4) ’IC’
as the first two characters of the CRSP objective code. See Goldstein, Jiang, and Ng (2016) for additional details. Mutual fund portfolio
holdings of corporate bonds are obtained from the Center for Research in Security Prices (CRSP) Mutual Fund database. Flows are
defined as (TNAk,t − TNAk,t−1(1 + Rk,t))/TNAk,t−1 where TNAk,t is the total net asset value at the end of month t; bond-level flows
are constructed assuming new inflows are divided proportionate to portfolio holdings.
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of returns due to common shocks across time and serial correlation within a bond issue.

Bonds that are held in higher proportion by ETFs earn a slightly lower expected excess return: a

one percent increase in the share of amount outstanding held by ETFs leads to a roughly 1.5 basis point

decline in the monthly expected excess returns. Annualized over one year, this results in nearly a fifth

of percentage point decline in the expected excess return; the annualized yield spread of bonds in our

sample average 3.5%. We find evidence that ETF arbitrage by APs, reflecting the contemporaneous flow

of ETF arbitrage rather than the level of prior ETF arbitrage activity, has an economically larger effect on

corporate bonds’ expected excess returns. Specification (2) of Table 1.10 shows that bonds that are held by

ETFs which experience higher amounts of share volatility (as a result of AP creations and redemptions)

have lower expected excess returns; a one standard deviation increase in the intensity, decreases expected

excess returns by 16 basis points. This results in an annualized loss of 1.9% relative to a bond held by

ETFs which experience no changes in their shares outstanding, even controlling for the share of bond

amount outstanding held by ETFs. Specification (3) tests ETF creations and redemptions separately: we

find consistent evidence that arbitrage activity lowers the expected excess return of bonds held in ETF

portfolios. A one standard deviation increase in the total monthly creations (redemptions) of ETFs holding

a given bond, reduces the monthly expected excess returns by 20.98 (17.74) basis points.43 Over the monthly

frequency, bonds which experience more ETF arbitrage activity, independent of whether the arbitrage trade

goes longs or shorts corporate bonds during ETF creations and redemptions, earn a lower expected excess

return.

We find evidence of some spillover effects from ETF arbitrage: corporate bonds that are held in the

portfolio of ETFs but not necessarily traded as a result of ETF arbitrage still earn a negative expected excess

return. Recall that the bonds in the creation and redemption arbitrage baskets are only a subset of those

held in the ETF portfolio or perhaps not held at all; moreover, these arbitrage baskets are time-varying.

Only the bonds in the creation and redemption baskets are transacted between the APs and the fund

sponsor during the course of ETF arbitrage. Specification (4) interacts the amount of ETF creations and

redemptions at the bond-level with the fraction of the month for which a bond spends in the creation or

redemption basket respectively. Bonds that are held by ETFs which experience more ETF arbitrage still earn

a negative risk premium; however, bonds which appear in the redemption basket earn a smaller expected

excess return – that is their future prices are less expensive. For a bond that remains in the redemption

basket of ETFs over the entire month, a one standard deviation increase in total monthly redemptions

43One standard deviation of total monthly creations and redemptions is 3.93 and 3.75, respectively such that −5.335× 3.93 = −20.98
and −4.729× 3.75 = −17.74.
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Table 1.10: Monthly excess returns and yields of bonds held by ETFs

This table reports the bond-level panel regressions at the monthly frequency of corporate bond excess returns on the share of bond
outstanding held by ETFs and measures of AP arbitrage activity:

XRj,t→t+1 = αj + γt + λETFHeldj,t + βAPActivityj,t + ωNj,t + εj,t

The unbalanced sample contains all corporate bonds satisfying index inclusion criteria for each index tracked by the corporate bond
ETF from January 2011 to September 2015. ETFHeldj,t is the percent of amount outstanding (in par dollars) held by all the corporate
bond ETFs in the sample. There are two measures of AP arbitrage activity: C/R Intensityj,t captures the intensity of AP arbitrage
and is equal to the daily standard deviation of ETF shares outstanding scaled by the level for each month t, and finally normalized to
mean zero, standard deviation one; Creationj,t and Redemptionj,t is the weighted average of total ETF creations and redemptions as
a percent of share outstanding over all ETF holding bond j over month t. Basket

CR (Basket
RD) is equal to the fraction of trading

dates for which a bond is in the creation (redemption) arbitrage basket. Premiumj,t is the weighted average of daily ETF premium
calculated over ETFs holding bond j; σ(Premium)j,t is the standard deviation of daily ETF premium calculated over ETFs holding
bond j. The dependent variable in Columns (1) to (6) is XRj,t→t+1 equal to the corporate bond return is in excess of the one-month

Treasury bond return and is reported in basis points; the dependent variable in Column (7) to (8) is the Yspd
j,t equal to the yield

spread (in basis points) above the one-month Treasury bond yield. All regressions include bond and time fixed effects as well as all
time-varying bond-level controls at time t. t-statistics calculated using double-clustered standard errors on month-year and bond
CUSIP are shown in parentheses: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(1) (2) (3) (4) (5) (6) (7)
Dependent variable XRj,t→t+1 Yspd

j,t
ETFHeldj,t -1.417 -4.433 -4.465 -4.643 -8.560 -3.200∗∗ 7.063∗∗∗

(-0.37) (-0.99) (-1.00) (-1.04) (-1.43) (-2.26) (3.72)

C/R Intensityj,t -16.08∗

(-1.80)

Creationj,t -5.335∗∗ -5.308∗ -8.592∗∗∗ -0.349 -0.853
(-2.03) (-1.98) (-2.70) (-0.72) (-1.43)

Redemptionj,t -4.729 -6.567∗ -7.472∗ -0.352 -0.577
(-1.37) (-1.69) (-1.86) (-0.50) (-0.78)

Creationj,t × Basket
CR
j,t -0.378 -0.448 0.419 1.022

(-0.27) (-0.27) (0.80) (1.47)

Redemptionj,t × Basket
RD
j,t 3.684 5.128∗∗ 1.166∗∗ 1.319∗∗

(1.55) (2.02) (2.07) (2.49)

Basket
CR
j,t 1.384 -0.575 0.285 -1.167

(0.13) (-0.04) (0.10) (-0.30)

Basket
RD
j,t -6.709 -15.59 -8.051∗∗∗ -10.98∗∗∗

(-0.89) (-1.58) (-3.08) (-3.81)
CUSIP FE Yes Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes Yes
Macro Controls Yes Yes Yes Yes Yes Yes Yes
ETF Premium Controls No Yes Yes Yes Yes Yes Yes
Mutual Fund Controls No No No No Yes No Yes
Observations 295766 295766 251726 251726 121610 246504 121205
Adjusted R2 0.027 0.034 0.044 0.045 0.053 0.853 0.848
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causes a 10.9 basis point44 increase in the expected excess returns (relative to an unconditional decline of

25.7 basis points earlier). In contrast, ETF creations amongst bonds appearing in the creation basket of ETFs

has little economic or statistical significant impact on bond returns across the specifications. Overall, this

evidence suggests that bonds held by ETFs which experience higher levels of AP arbitrage earn a negative

risk premia but there exist some potential short-term price impacts as a result of ETF redemptions.

Specification (5) shows that this result is separate from ownership and flow effects amongst corporate

bond mutual funds. This is important for two reasons: first, assets under management in the corporate

bond mutual fund sector are much larger than that of ETFs; second, there is an overlap in portfolio holdings

between both corporate bond ETFs and mutual funds. Our findings hold qualitatively even controlling for

mutual fund ownership and net bond flows suggesting that our excess return effects are unique to corporate

bond ETFs; in fact, controlling for the dynamics of mutual fund holdings, we increase the statistical power

on several conclusions. Finally in specifications (6) and (7), we repeat our analysis using the yield spread

of corporate bonds over the matched one-month Treasury bond yield. Using yield spreads helps avoid

the synchronicity issues of constructing returns using discontinuous bond prices and offers an additional

robustness check. Our findings remain qualitatively intact but are noisier; we continue to find robust

evidence that bonds in redemption baskets of ETFs which experience more AP arbitrage face downward

selling pressure (likely a result of APs short positions) and hence have a higher yield to maturity.

Bond liquidity

Table 1.11 argues that the negative risk premium earned by bonds which are held in higher proportion

by ETFs which themselves experience more AP arbitrage is due in part to improved liquidity of these bonds.

Specifically at the daily frequency and for various portfolios k of a given ETF, we regress the log difference

in illiquidity on the positive and negative components of the ETF premium and realized AP arbitrage:

log
(

PC1k,t+1

PC1k,t

)
= αi + ξt + ∑

j∈+,−
∆SHROUTETF

i,t |j + ∑
j∈+,−

Premi,t−1|j

+ ∑
j∈+,−

∑
k∈+,−

(
∆SHROUTETF

i,t |j × Premi,t−1|k
)
+ εi,t

where PC1k,t is the first principal component of our three liquidity proxies: effective bid-ask spread,

Amihud (2002) price impact, and bond turnover. We reduce the dimensionality of liquidity using principal

components and select the first component which explains the largest share of the variation (48%) amongst

the liquidity proxies. All regressions have ETF- and date-fixed effects.

44A one standard deviation increase in the interaction is 2.945 so the total effect from a one standard deviation shock is
2.945× 3.684 = 10.85
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Table 1.11: The direction of ETF arbitrage and liquidity provision

This table reports the portfolio-level panel regressions at the daily frequency of corporate bond illiquidity on the positive and negative
components of ETF premiums and changes in ETF shares outstanding:

log
(

PC1k,t+1

PC1k,t

)
= αi + γt + ∑

j∈+,−
∆SHROUTETF

i,t |j + ∑
j∈+,−

Premi,t−1|j

+ ∑
j∈+,−

∑
k∈+,−

(
∆SHROUTETF

i,t |j × Premi,t−1|k
)
+ εi,t

where Premi,t|+ and Premi,t|− are the positive and negative components of the ETF premium, and SHROUTETF
i,t |+ and SHROUTETF

i,t |−
are ETF creations and redemptions. The dependent variable is the log difference between the first principal component of three

liquidity proxies from t to t + 1, log
(

PC1k,t+1
PC1k,t

)
. PC1k,t is the first principal component of three liquidity proxies: effective spread,

Amihud price impact and bond turnover. This table consider four portfolios k constructed for each ETF: the creation basket (Column
(1)), the redemption basket (Column (2)), the entire ETF portfolio holdings (Column (3)), and the ETF portfolio holdings without
bonds appearing in the creation or redemption basket (Column (4)). Total marginal effects following a one standard deviation shock
are reported in the lower part of the table for each possible ETF premium and arbitrage state; σ(Basketk) is the standard deviation of
PC1k,t in the sample for each basket k. All regression include ETF and date fixed effects. t-statistics calculated using Driscoll-Kraay
standard errors with bandwidth 8 are shown in parentheses below the coefficient estimates: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(1) (2) (3) (4)
Portfolio k Creation Redemption ETF Portfolio ETF Portfolio

(No arb. bonds)
∆SHROUTETF

i,t |+ × Premi,t−1|+ -0.0860∗∗∗ -0.0196 -0.0437∗∗ -0.0264
(-3.30) (-0.82) (-2.33) (-1.09)

∆SHROUTETF
i,t |+ × Premi,t−1|− -0.393 0.453 0.203 0.273

(-1.09) (0.76) (0.91) (1.02)

∆SHROUTETF
i,t |− × Premi,t−1|+ 0.111 -0.150∗ 0.0531 -0.00510

(1.17) (-1.87) (1.24) (-0.09)

∆SHROUTETF
i,t |− × Premi,t−1|− -0.0794 -0.105∗∗ -0.0517 0.00179

(-1.02) (-2.13) (-1.23) (0.04)

∆SHROUTETF
i,t |+ 0.0310∗ 0.0124 -0.0172∗∗ -0.0295∗∗∗

(1.95) (0.85) (-1.98) (-2.62)

∆SHROUTETF
i,t |− -0.0194 0.0159 0.00469 0.0262∗

(-0.95) (0.90) (0.44) (1.95)

PREMi,t−1|+ -0.00171 0.0139∗ 0.0151∗∗ -0.0459∗∗

(-0.16) (1.77) (2.17) (-2.15)

PREMi,t−1|− 0.0139 0.0178 0.0271∗∗ 0.0551
(0.83) (1.30) (2.26) (1.18)

Total marginal effect following 1sd shock
∆SHROUTETF|+, Prem|+ -0.0507 0.000982 -0.0349 -0.0686
∆SHROUTETF|+, Prem|− 0.0454 -0.0440 -0.0447 -0.0752
∆SHROUTETF|−, Prem|+ -0.00690 0.0252 -0.00413 -0.0503
∆SHROUTETF|−, Prem|− -0.0261 -0.0676 -0.0418 -0.0535
σ (Basketk) 0.447 0.365 0.294 0.317
ETF FE Yes Yes Yes Yes
Date FE Yes Yes Yes Yes
Observations 22307 22497 19993 11477
Adjusted R2 0.376 0.471 0.684 0.684
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Specifications (1) and (2) show that when ETF arbitrage is aligned with the ETF premium, ETF arbitrage

reduces the illiquidity of corporate bonds: ETF creations (redemptions) in response to ETF premiums

(discounts) reduce the bond illiquidity of the creation (redemption) basket by 8.596% (10.51%). In other

words, the arbitrage effect helps to improve bond liquidity at the daily frequency as a result of bond

trade in ETF arbitrage by APs. In contrast, when the ETF arbitrage goes in the “opposite” direction – that

is, ETF creations (redemptions) coincident with discounts (premiums) – the liquidity of the underlying

arbitrage bonds deteriorates or does not change. Specifically, APs who create (redeem) bonds following

an ETF discount (premium) increase the illiquidity of bonds by 39.30% (14.99%)! This is consistent with

the “inventory management” effect whereby APs become liquidity seekers in the the ETF and corporate

bond markets rather than liquidity suppliers. In these cases, APs attempt to manage their bond inventory

towards an optimal level by performing ETF creations (redemptions); APs inability to supply liquidity

across the ETF and corporate bond market leads to a reduction in bond market liquidity.

We find no evidence of liquidity spillovers from arbitrage baskets onto the complement ETF portfolio

suggesting that the effect on bond market liquidity comes solely from ETF arbitrage trades. Specification (4)

shows no statistically significant effects from ETF arbitrage. Unconditionally, any ETF arbitrage increases

the liquidity of corporate bonds, consistent with the findings from Table 1.10.

Table 1.11 also presents the total marginal effect from ETF arbitrage on bond market liquidity. Generally,

across the entire ETF portfolio, ETF arbitrage improves underlying bond liquidity. ETF arbitrage performed

when the arbitrage effect dominates improves the underlying liquidity of the creation and redemption

basket of bonds; in contrast, ETF arbitrage performed as a result of the “inventory management” effect leads

to an increase in underlying arbitrage bond illiquidity as APs trade in the role of liquidity “demanders”.

Under either scenario, variation in ETF arbitrage leads to moderate changes in the daily liquidity of the

underlying bonds.

Temporary price impacts in the underlying bond markets

As suggested by Ben-David et al. (2011), ETF arbitrage by APs is likely to generate non-fundamental

trading in the underlying equity markets. Although it is not the focus of this current paper, we find similar

results in our corporate ETF setting.

Specifically, we find that creations and redemptions lead to short-term price impacts in the underlying

markets as a result of the buying and selling pressure generated during ETF arbitrage. The pattern in excess

returns around ETF arbitrage activity is apparent even taking simple averages of corporate bond returns in

event time around ETF arbitrage activity: Figure 1.3 shows that increases in ETF creations (redemptions)
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leads to a decline (increase) in excess returns as the price of corporate bonds are bid up (down) and more

so when the ETFs which hold the bonds experience higher creation (redemption) intensity. Specifically,

excess returns of corporate bonds which experience creations and redemptions greater than k% in excess of

the portfolio of ETF bonds which experience no arbitrage activity shows a distinct hump-shaped, indicative

of (temporary) price impacts. The basket of bonds which are created or redeemed at t do not experience

large amounts of creation or redemption activities in the preceding or following four weeks. While there is

slight anticipation of ETF arbitrage, much of the price impact occurs at t, the week of ETF arbitrage – that

is, the hump shape of ETF creations/redemptions coincide with the inverse hump-shape of weekly excess

portfolio returns. Notably, while the long-short portfolio arguably removes much of the price movements

due to credit and duration risk, Table 1.12 studies the price impacts on the underlying bond market in a

regression setting which controls explicitly for observable differences in bonds.

Table 1.12 reports bond-level panel regressions at the weekly frequency for one- and multiweek- returns

on AP arbitrage:

Rj,ti→tj = αj + γt + β1

(
%Creation

ETF
t

)
+ β2

(
%Redemption

ETF
t

)
+ ωNj,t + εj,t

where Rj,ti→tj are the returns of bonds from ti to tj and %Creation
ETF
t and %Redemption

ETF
t are the

positive (negative) components of the weekly changes in shares outstanding for ETF creation (redemption)

arbitrage activity as a fraction of lagged ETF shares. All regression include bond- and week- fixed effects,

time-varying bond-level controls (amount outstanding, credit rating, bond age, and an indicator for on-the-

run issue), and the lagged dependent variable with end date at t− 1. Standard errors double-clustered at

the week-year and bond issue level are reported in parentheses.

There are significant price impacts as a result of ETF arbitrage of an ETF relative mispricing at t over

the first two weeks from t− 1 to t + 1. ETF creations increase the price of the bonds in the creation baskets

of the ETFs as a result of the buying pressure required to submit the bonds to the fund sponsor; ETF

redemptions push the price of the bonds downwards as a result of the selling pressure of APs. Specifically,

a one standard deviation increase in the weekly ETF creations leads to a two week return from t− 1 to

t + 1 of 1.10% (1.946 ∗ 56.3884). An increase of one standard deviation in the weekly ETF redemptions leads

to a two week return from t− 1 to t + 1 of -1.344% (−1.759 ∗ 76.04435). The short-term price impact from

corporate bond sales following ETF redemptions is partially reversed over the following week from t + 1 to

t + 2 (one week return of 0.72%) and nearly fully reversed after a month (four week return of 1.03% from

t + 1 to t + 4). In contrast, the price increase of bonds in the creation basket following ETF creations does

not appear to reverse leading to a permanent price impact, on average.

This asymmetry suggests that ETF redemptions impart a non-fundamental component that increases
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Table 1.12: Corporate bond price impacts as a result of ETF arbitrage

This table reports bond-level panel regressions at the weekly frequency of one- and multiweek returns on AP arbitrage, as proxied by
percentage changes in ETF shares outstanding, and controls:

Rj,ti→tj = αj + γt + β1

(
%Creation

ETF
t

)
+ β2

(
%Redemption

ETF
t

)
+ ωNj,t + εj,t

The unbalanced sample contains all corporate bonds held by corporate bond ETF from January 2011 to September 2015. Corporate
bond returns are calculated using secondary market transaction prices at the end of each week and are reported in percent. The
positive (negative) components of the weekly changes in shares outstanding for ETF creation (redemption) arbitrage activity as a
fraction of lagged ETF shares are %Creation

ETF
t (%Redemption

ETF
t ). ILLIQj,t is the first principal component extracted from a vector

of bond illiquidity measures: turnover, spread, FHT, zeros and price impact. All regressions include bond and week fixed effects as
well as time-varying bond-level controls at time t, and the lagged dependent value. The lagged dependent variable is lagged k periods
where k is set to have the return horizon end in ti − 1. t-statistics calculated using double-clustered standard errors on week-year and
bond CUSIP are shown in parentheses below the coefficient estimates: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(1) (2) (3) (4)
Dependent variable Rt−1→t Rt−1→t+1 Rt+1→t+2 Rt+1→t+4
%Creation

ETF
t 2.395∗∗∗ 1.946∗∗∗ 0.336 0.141

(8.75) (4.31) (0.84) (0.25)

%Redemption
ETF
t -1.948∗∗∗ -1.759∗∗∗ 0.958∗∗∗ 1.358∗∗∗

(-4.52) (-3.50) (3.30) (2.97)

ILLIQj,t 0.0545 0.392 0.0566 0.364
(0.21) (1.07) (0.25) (0.99)

AP Inventoryj,t−1 3.435∗∗∗ -9.086∗∗∗ 1.372∗∗ -13.39∗∗∗

(2.97) (-7.72) (1.99) (-8.10)

AMTOUTj,t 4.769∗∗∗ 7.136∗∗∗ 2.836∗∗ 7.506∗∗

(3.41) (3.27) (2.13) (2.45)

RTGj,t 1.762∗∗∗ 3.731∗∗∗ 1.778∗∗∗ 5.329∗∗∗

(4.45) (6.09) (4.82) (6.56)

1{On the run}j,t -0.221 -0.784 -0.413 -2.427∗∗

(-0.43) (-0.97) (-0.85) (-2.35)

AGEj,t 2541.0∗ 1133.3 -2582.4 3963.8∗∗

(1.72) (0.73) (-1.60) (2.09)
Lagged Dep Var Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
CUSIP FE Yes Yes Yes Yes
Observations 723401 679466 671038 638666
Adjusted R2 0.187 0.242 0.143 0.253

65



return volatility. Viewed in light of the literatures’ finding on the price discovery benefits of ETFs,

we highlight the possibility that the evidence is mixed: while ETF creations appear to fully impart a

fundamental update from ETF prices to the underlying corporate bonds, corporate bond volatility increases

as a result of ETF redemptions. Moreover, the lack of a price reversal in corporate bond returns following

ETF creations may be hidden as a result of the ability for ETF fund managers to endogenously select bonds

that form the creation basket. Bonds in the creation basket which are bid up during the ETF arbitrage may

sit in the ETF portfolio until the portfolio manager can safely transact with less price impact and before the

illiquid corporate bond trades in the OTC market at a (lower) price reflecting true fundamentals.

1.6 Conclusion

Corporate bond ETFs have grown rapidly and their AUM accounts for a greater proportion of the total

corporate bond market value. However, there exists a significant liquidity mismatch between the ETF and

corporate bond market. Understanding how this liquidity mismatch affects ETF AP arbitrage is critical in

the evaluation of the potential financial stability risks of corporate bond ETFs and ETFs more generally.

We present a theory and empirical results based on novel data that argues AP arbitrage indeed becomes

less effective or even fragile when liquidity mismatch becomes more significant, thus blunting a proposed

benefit of ETFs of allowing end investors to track illiquid bond indices. We highlight a conflict between the

APs’ dual roles as corporate bond market-makers and as ETF arbitrageurs. When the magnitude of APs’

bond imbalances is small, the conflict between the two roles is also small, but arbitrage can still become

less effective as the market becomes more volatile or less liquid (i.e., when there is a more significant

liquidity mismatch), or when the short cost of the ETF becomes higher. When the magnitude of APs’ bond

imbalances is large, the conflict between the APs two roles becomes large as well. APs may strategically use

the ETF creations and redemptions to unwind their bond inventory imbalances. This makes AP arbitrage

fragile and may result in even larger price discrepancies.

Admittedly, our paper does not attempt to offer a comprehensive evaluation of corporate bond ETFs or

assess the overall market efficiency. Instead this paper reveals a potentially overlooked risk in corporate

bond ETFs. This risk may become more important as bond dealers’ market-making capacity is further

constrained and the ETF market size continues to grow. Hence, careful policy examinations are needed.

Despite the fact that liquidity mismatch may make ETF arbitrage less effective or even fragile, corporate

bond ETFs may still have positive welfare implications when all benefits and costs are taken into account.
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Chapter 2

Inventory and Cross-asset Price Pressure:

Evidence from the U.S. Treasury and

Corporate Bond Markets1

2.1 Introduction

This paper presents evidence of cross-asset price and liquidity effects. In particular, using anticipated

and frequently repeated supply shocks from Treasury security auctions, I find evidence of a temporary

price impact and withdrawal of liquidity in the corporate bond market. This is surprising given the common

knowledge of Treasury auctions and a conventional view of trading in financial institutions. Given the

liquidity of the U.S. Treasury market, a reasonable prior would expect no appreciable price impact from

anticipated events much less any spillovers into other fixed-income assets. Furthermore, a conventional view

of risk and inventory management at financial institutions would furthermore imply that high-frequency

cross-asset effects are unlikely.2 These cross-asset effects in the corporate bond market are not due to a

1I thank John Y. Campbell, Brian Chen, Robin Greenwood, Sam Hanson, Andrei Shleifer, Jeremy Stein, Luis Viceira, Yao Zeng and
seminar participants at Harvard University Finance Lunch for helpful comments and discussions. This work is supported by the
National Science Foundation Graduate Research Fellowship under Grant No. DGE1144152.

2The conventional view of risk management at financial intermediaries is that execution and risk occur at the trading-desk level,
reflecting different financial securities (e.g., corporate credit, government bonds, sovereigns, etc.). Inventory and risk management
operate independently and in “silos”. Stephen Ross, speaking on market regulation, offers the following anecdote:

Many years ago I had the opportunity to work with Fischer Black when he was thinking about risk-management issues
at Goldman Sachs. There was, at the time, a move underway to consolidate the books of the investment bank. Why
should we control risk separately on the sovereign government desk and the corporate bond desk and the Treasury desk when they all
face similar exposures? What sense does it make to require each of them to maintain separate position limits and risk limits
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mechanical pricing of Treasury yield curve changes and reflect an increase in selling pressure due to the

inter-temporal intermediation frictions of financial intermediaries.

I find that despite the depth and liquidity of the Treasury market along with the anticipated nature of

Treasury auctions, Treasury auction supply shocks generate selling pressure across markets: following a

one-standard deviation shock to the Treasury inventory of primary dealers, prices of corporate bonds fall by

7.6 bps and subsequently increase by 5.6 bps the following week. This pattern holds for Treasury inventory

shocks absorbed by all financial intermediaries, not just primary dealers, although the marginal effects

for primary dealers are larger in magnitude given their obligation to participate meaningfully in Treasury

auctions and to submit bids in a competitive range to ensure that the auction clears. The selling pressure is a

result of intermediaries’ cross-asset inventory management. I find that new Treasuries absorbed by primary

dealers not only drive their week-to-week changes in Treasury inventories but are also strongly negatively

correlated with changes in their corporate bond inventories. Since weekly Treasury issuances are volatile

given the monthly and semi-annual issuance frequency of Treasury notes and bonds, the amounts taken at

Treasury auctions by intermediaries generate large and volatile shocks to dealers’ Treasury inventory levels.

Intermediary risk constraints imply that intermediaries look to sell down not only their Treasury inventory

in both the when-issued and secondary markets, but also other parts of their fixed-income portfolio. I find

that the same-asset price effect (i.e., Treasury price effect due to Treasury auction supply shock) is larger

and the pass-through into corporate bond markets is less than one-for-one; however, the marginal effects

in both markets are of the same magnitude and the implied corporate bond price effect is economically

significant.

A duration-based view of inventory risk supports the inventory constraint hypothesis. I find no evidence

of corporate bond price effects following large supply shocks in Treasury bills. Treasury bills with their

relatively short maturities and low regulatory capital charges do not generate much duration risk. In

contrast, longer-date Treasury notes and bonds have higher duration risk and I find that the price effects

are driven by the absorption of large amounts of Treasury notes and bonds onto intermediaries’ balance

sheets. Moreover, the spillover into corporate bond markets is not due to the mechanical pricing of changes

in the Treasury yield curve. I find that while the spillover is partially caused via a duration channel,

both credit and liquidity risk act to drive the corporate bond prices down contemporaneously. The credit

channel is distinct from changes in the Treasury yield curve and hence shows that the corporate bond price

pressure is in part independent of the effects found within the Treasury market (see Fleming and Rosenberg

(2008) and Lou et al. (2013)). Further supportive evidence is found in non-price effects in the corporate

when what really matters is the integrated risk of the whole position...

Heads of rates trading desks at large financial institutions claim that credit trading is done on separate desks.
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bond market. Specifically, I find an increase in the order imbalance of buy and sell volume in weeks of

large Treasury auctions. The order imbalance is direct confirmation that intermediaries are selling down

their corporate bond inventories to accommodate a shock to their Treasury inventories. Moreover, market

liquidity deteriorates on days of Treasury auctions. While Treasury auctions and their auction details are

announced to market participants a week or several days before the auction, the actual auction date is

economically important because this is the first date that the amount of new Treasuries actually awarded to

intermediaries is revealed. Consistent with the economic intuition, I find that market illiquidity increases in

the corporate bond market only on the day when the auction is held and auction results announced, and

not on the days of auction announcement or Treasury settlement.

These findings have important implications. First, the evidence suggests a spillover channel from

government bonds into other fixed-income markets. The evidence that even anticipated shocks in liquid

Treasury markets are not quickly absorbed by liquidity providers without first causing indirect cross-asset

effects suggests a more important and larger role for intermediary frictions than previously found. I

construct various trading strategies which seek to exploit the relationship between Treasury issuance and

corporate bond returns as an agnostic test of the price effect. I find that these trading strategies, which

short corporate bonds in weeks of large Treasury auctions and subsequently go long corporate bonds the

following week, generate high Sharpe ratios and favorable risk-return distributions with low drawdowns,

albeit without accounting for trading costs. I further show that these trading strategies can be implemented

by trading corporate bond exchange-traded funds (ETFs). ETFs are relatively more liquid and have smaller

trading costs. I find that trading in the ETFs also generates a risk-return distribution with high Sharpe ratios

and an average excess return that is a multiple of ETF trading costs. As a result, this evidence suggests that

spillovers reach products which track the value of corporate bonds as the underlying. Given use of ETFs as

retail products, particularly in retail savings and retirement products, these cross-asset price effects may

have “real” effects. Finally, I find the cross-asset price effect is largest in securities that are close substitutes

to Treasuries, namely larger and younger corporate bonds with high credit ratings. This differential effect

may exacerbate existing corporate bond illiquidity. Specifically, market participants have noted that market

liquidity is increasingly concentrated in the most liquid securities, while conditions are deteriorating in the

less liquid ones, leading to a “liquidity bifurcation” (see Fender and Lewrick (2015)). The transmission of

Treasury auction supply shocks by intermediaries may lead to a total freeze of corporate bond markets.

This cross-asset price effect is consistent with an interpretation that relies on two key market frictions:

slow-moving capital or market segmentation, and limited-risk bearing capacity by intermediaries. Evidence

of cross-asset spillovers itself is suggestive evidence that markets are partially segmented in the sense that

intermediaries are marginal investors in both the Treasury and corporate bond markets. However, the price
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impact in both markets implies liquidity capital that would otherwise arbitrage away any return reversals

is slow-moving. Second, the risk-bearing capacity of intermediaries is limited. Specifically, primary dealers

are expected to actively participate and submit meaningful bids during Treasury auctions. Dealers absorb

the Treasury supply shock by hedging in when-issued and secondary markets. Yet, I present evidence of

price impacts in when-issued Treasury securities which imply that dealers are unable to fully absorb new

inventory without price concessions. Furthermore, the size of natural liquidity provision is insufficient to

prevent spillovers onto corporate bonds. I find evidence that when markets are more volatile, or funding

and capital constraints are tighter, the contemporaneous price decline in corporate bonds is larger and the

subsequent price reversal is smaller. In sum, a rationalization of the cross-asset price effect can be explained

as follows: dealers are unable to fully absorb new Treasury supply shocks while natural end-users (e.g.,

state and local governments, insurance companies, bond mutual funds, etc.) are slow to move capital

and engage in short-term arbitrage trades or liquidity provision. This forces dealers to unload corporate

bonds and increase selling pressure generating a short-term return reversal in corporate bonds that the

same natural end-users cannot respond to either because their capital has been (partially) committed to the

Treasury market.

This paper speaks directly towards the changing regulatory requirements of financial intermediaries

and the corporate bond market structure, as well as recent unconventional monetary policy. New financial

reform such as Basel III and regulations under the Dodd-Frank Act have resulted in higher bank capital

and liquidity requirements. These regulations have increased dealers’ cost of inventories of corporate bonds

and other fixed-income assets, and reduced the return on capital of market-making activities – in short,

severely restricting the dealers’ role as intermediaries. Meanwhile, in an environment of low interest rates,

corporations have expanded the supply of available corporate debt and asset managers have responded

with drastically increased total asset holdings.3 As intermediaries risk appetite diminishes against the

backdrop of increased regulatory requirements, the reduction in market-making activity and liquidity

provision implies the potential for larger same-asset and cross-asset price effects. Even small supply shocks,

whether anticipated or not, may cause cross-asset spillovers, highlighting a potential transmission channel

for financial distress propagated by the intermediation frictions of dealers. The evidence from Treasury

auction supply shocks on how prices adjust across markets can also inform the evaluation of quantitative

easing (QE) policies conducted by the U.S. Federal Reserve beginning in November 2008. Specifically,

Treasury auctions can be viewed as a laboratory for how anticipated and large government intervention can

3$1.4 trillion of corporate bonds were issued in 2014 – 27% more than was sold at the height of the credit bubble in 2007. Vanguard
has more than doubled its mutual fund bond holdings to $497 billion in 2015 compared with $170 billion in 2008; PIMCO has
increased its mutual fund bond assets under management to $404 billion from $210 billion and BlackRock’s to $139 billion from $26
billion.
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affect assets in the specific markets the policies target in addition to secondary markets via spillovers. In

this way, asset pricing implications from QE and the “tapering” can be understood as positive and negative

supply shocks in the Treasury auction laboratory.

This paper is organized as follows. Section 2.2 present the literature review and explains the contri-

butions of this paper. In Section 2.3, I first discuss the institutional details of Treasury auctions and then

outlines the data used in the empirical analysis. I present my findings on the cross-asset price effects from

Treasury supply shocks in Section 2.4. I discuss implications of my findings for market segmentation,

intermediary risk management, and quantitative easing in Section 2.5. Section 2.6 presents a stylized model

which rationalizes the observed empirical findings. Section 2.7 concludes.

2.2 Literature review

This paper is related to the large literature on the price impact of supply and demand shocks.4 The

contribution of this paper to that literature is to examine cross-asset price impacts originating from a

liquid financial market with potentially large but anticipated and frequently repeated supply shocks. This

paper examines how these supply shocks are accommodated by financial intermediaries and subsequently

transmitted across assets. This paper is most closely related to the findings in Fleming and Rosenberg (2008),

Lou et al. (2013) and Fleming and Liu (2015) which show Treasury auction supply shocks, even though fully

anticipated, cause temporary inventory-related price effects. Using weekly data as in this paper, Fleming

and Rosenberg (2008) show that primary dealers take short positions shortly before Treasury auctions and

newly issued securities subsequently tend to have high returns after auctions. Lou et al. (2013) use daily

data to show that Treasury security prices decrease in the few days before auctions and recover shortly

thereafter; Fleming and Liu (2015) obtain better identification by using intraday Treasury price data and

show that prices decrease in the hours preceding a Treasury auction and recover in the hours following

the auction. These authors furthermore find new evidence that liquidity tends to be better in the hours

before an auction but worse at auction time and thereafter. While my paper similarly uses Treasury auction

shocks as a relatively clean test of supply effects, the focus of this paper is on the cross-asset price impact.

In addition to only examining the cross-asset price impact from Treasury auctions, my paper also examines

non-price effects.

4Wurgler and Zhuravskaya (2002) show that stocks without close substitutes experience higher price jumps upon inclusion into
the S&P 500 Index; Mitchell et al. (2004) find evidence for the existence of price pressure around mergers caused by uninformed
shifts in excess demand; Coval and Stafford (2007) shows that mutual funds experiencing large outflows create price pressure in the
securities held in common by distressed funds; Frazzini and Lamont (2008) find evidence for price pressure driven by sentiment
investing across mutual funds; Vayanos and Woolley (2013) propose a theory of price movements based on flows between investment
funds triggered by changes in fund managers’ efficiency.
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Other literature has studied the permanent impact of bond supply on Treasury yields and spreads, and

the changes in those yields around policy announcement. There is significant evidence that QE changes

long-term interest rates. For example, Gagnon et al. (2011) present an event-study of QE1 that documents

large reductions in interest rates on dates associated with positive QE announcements. D’Amico and King

(2013) find Treasury large-scale asset purchases (LSAPs) had “flow effects” on Treasury prices around the

times when purchases occurred; Lou et al. (2013) demonstrate a similar effect around Treasury auctions.

Krishnamurthy and Vissing-Jorgensen (2011, 2013) emphasize that LSAPs produced a significant drop in

the rates of long-term safe assets and but had mixed effects for risky assets such as Baa corporate bonds

depending on what asset purchases were made. Other papers look at lower frequency variation in the

supply of long-term Treasuries and document causal effects from supply to interest rates (see, for example,

Krishnamurthy and Vissing-Jorgensen (2012) and Greenwood and Vayanos (2014)). In contrast, this paper

examines the temporary price impact around Treasury auctions and focuses on the effects across maturities

and across fixed-income markets. Consistent with Vayanos and Vila (2009), Greenwood and Vayanos (2014)

and Greenwood et al. (2015), this paper suggests that local demand and supply shocks can distort yields

due to market segmentation and intermediaries’ limited risk-bearing capacity.

The paper is also related to the literature that examines how financial intermediaries manage inventory

risk of assets in which they make markets. Theoretically, Stoll (1978), Amihud and Mendelson (1980), and

Grossman and Miller (1988) are early papers which show how dealers adjust prices to control inventory.

Empirical evidence on the joint determination of prices and inventories has been shown across multiple

markets.5 Few studies however examine intermediaries’ inventory management in fixed-income markets:

Naik and Yadav (2003b) in the U.K. gilt market and Fleming and Rosenberg (2008) in the U.S. Treasury

market are exceptions. That literature suggests that market makers extract price concessions for absorbing

imbalances over and above compensation for adverse selection. As a result, inventory positions affect

both asset prices and liquidity (Hansch et al. (1998) and Comerton-Forde et al. (2010)), and inventory

positions predict short-term returns (Hendershott and Seasholes (2007)). This paper adds to the mostly

equity market-based evidence by showing that bond inventories have significant asset pricing effects on

a multi-day horizon. The U.S. Treasury market, is distinctive since some intermediaries are required to

absorb new Treasury supply independent of their own inventory optimization at semi-frequent but known

dates. Hence this paper adds to the literature by showing asset pricing effects driven by inventory changes

from supply shocks that are common knowledge. Finally, this paper also presents new evidence on the

5Madhavan and Sofianos (1998) and Hendershott and Menkveld (2014) studies inventory management on the New York Stock
Exchange; Hansch et al. (1998), Reiss and Werner (1998) and Naik and Yadav (2003a) on the London Stock Exchange; Manaster and
Mann (1996) in the future markets; and Cao et al. (2006) in the foreign exchange market.
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relationship between cross-asset inventory changes and cross-asset price effects.

2.3 Data

The U.S. Treasury market is one of the largest and most liquid financial markets in the world with $12.8

trillion of marketable debt outstanding as of 2015Q3 representing 32.4% of the total outstanding U.S. bond

market debt.6 The U.S. corporate bond market represents a large and deep source of capital for companies,

with rapidly increasing issuance volumes in recent years. Financial institutions play an important role in

the functioning of this over-the-counter market by acting as the intermediary or market-maker. Moreover,

the corporate bond market is one of the larger U.S. debt markets after the Treasury debt market with $8.2

trillion outstanding as of 2015Q3 representing 20.8% of the total outstanding U.S. bond market debt. Given

that corporate bonds provide capital for issuing institutions and investment opportunities for a broad array

of investors, cross-asset price and non-price effects on corporate bonds have important implications for the

“real” economy beyond the impact on financial markets.

2.3.1 Treasury auctions

Treasury securities are sold in the primary market via auctions. Tentative auction dates are published

several months in advance and additional auction details are disseminated two to seven days before

the auction by the U.S. Treasury Department to all financial market participants. Additional details in

the auction announcement list the offering amount, the term and type of security being offered, as well

as the auction rules and procedures. Immediately following the auction announcement, intermediaries

begin to trade forward contracts on soon-to-be-issued Treasury securities in the “when-issued” market.

In each auction, intermediaries submit competitive bids of rate-quantity pairs that specify the amount

to be purchased at each minimum yield. Households and small investors submit noncompetitive bids

(i.e., market orders) of quantity demands only. All noncompetitive bids from the public are accepted

first and then competitive bids are accepted up to the yield required to cover the amount offered (less

the amount of noncompetitive bids). In my data sample, all Treasury securities are auctioned through a

single-price auction: all winning bidders pay the highest yield. Auction results are publicly announced

shortly thereafter. Secondary trading in the just-auctioned Treasury securities commences with inter-dealer

trades and brokered customer transactions occurring on a multiple-dealer OTC market.

6From SIFMA Research & Statistics: http://www.sifma.org/research/statistics.aspx. U.S. Treasury marketable debt
outstanding is lower than the total amount of U.S. Treasury securities issued by the U.S. Treasury Department because it excludes
inter-governmental debts such as those held by the Federal Reserve.
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While Treasury auctions are open to all financial participants, primary government securities dealers

(“primary dealers”) play an important role due to their special obligation to “participate meaningfully”

in auctions.7 The primary dealers’ are expected to place competitive bids for their own accounts, and

are moreover encouraged to submit bids at a range of prices to ensure that the entire issue is sold at

a reasonable price.8 Given the firm commitment to “underwrite” Treasury securities, primary dealer

inventories are subject to large and predictable changes associated with Treasury auctions. Primary dealers

have historically bought most securities sold at auction but this share has recently declined to about 57%

of the offering amount. Auction purchases therefore cause dealer positions to deviate from desired levels

or even exceed inventory constraints. Since the U.S. Treasury Department commits to a “regular and

predictable” issuance schedule to minimize uncertainty and strategic behavior based on private information,

inventory deviations represent pure inventory risk for dealers as adverse selection risk from trading against

superior information is small.

Figure 2.1 shows that financial intermediary spot net inventory positions substantially increase in

response to new Treasury supply. Intermediaries could hedge the risk of new inventory acquired at

auction by selling Treasuries prior to the auction in the when-issued market, selling after the auction in

the secondary market, or taking offsetting positions in other Treasury securities or derivatives. However,

Figure 2.1 suggests that primary dealers do not quickly sell large quantities of the Treasury securities

bought at auction. Fleming and Rosenberg (2008) confirm the impact of issuance on dealer inventories

and further show that dealers do not hedge with other spot sales or with futures. Given the requirement

for primary dealers to take on large amounts of Treasuries and the evidence that dealers retain a large

share of the position exposure taken on through auction purchases, this paper takes the view that Treasury

issuances are exogenous to dealers’ existing positions and risk preferences, and that Treasury issuances

drive changes in dealers’ Treasury inventories. Dealers generally make markets in several types of debt

instruments given the size and infrastructure needed to transact and intermediate in OTC markets. This

results in a complicated inventory risk management problem for financial intermediaries with the potential

for spillovers across their fixed-income portfolio – precisely, the cross-asset price effects this paper seeks to

7Primary dealers are expected to “bid in every auction, for, at a minimum, an amount of securities representing its pro rata share
. . . of the offered amount . . . ” with “reasonable [bid prices] when compared to the range of rates trading in the when-issued market”
and to “provide the New York Fed’s trading desk with market information and analysis helpful in the formulation and implementation
of monetary policy.” Complete primary dealer responsibilities and expectations are listed in the Federal Reserve Bank of New York’s
Administration of Relationships with Primary Dealers. https://www.newyorkfed.org/markets/pridealers_policies.html.

8The participation requirement effectively implies that primary dealers ultimately take on new Treasury auction supply even if
the intermediaries do not have the capacity or desire to do so. See “U.S. Primary Dealers Say Fed Urges More Active Tsy Bids at Mtg”
from Main Wire June 15, 2004 in which a U.S. government bond trader concurs “Dealer have to participate at the auctions, to fulfill
their [primary dealer] duty to Treasury. They have to take them down. What they do later is a different story”.
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document.9

Figure 2.1: Treasury auction acceptances affects weekly inventory changes

This figure plots the effect of weekly Treasury auction amounts awarded to primary dealer bids on the weekly change in Treasury net
spot inventory levels excluding the effect of bond redemptions (due to maturation) over the sample period April 8, 2008 to December
31, 2014. The 45◦ line is plotted in dots reflecting a one-for-one effect of amount awarded from Treasury auctions on weekly changes
in Treasury inventory levels.

9A financial intermediary’s fixed-income portfolio broadly consists of U.S. Treasury securities, agency bonds, corporate bonds,
and mortgage-backed securities (MBS). While spillovers are likely to be seen in securities that are close substitutes to U.S. Treasuries
such as agency bonds, the inventory holdings of agency bonds at primary dealers has typically been small and it is ex-ante unclear
how substitutable agency bonds are given their market size, credit risk and relative illiquidity. The typical structure of MBS is
pass-through whereby the bondholder receives monthly payments that include both principal and interest – this is a key difference
compared to Treasury securities which pay interest every six months and return the whole principal at maturity. In contrast with
other fixed-income securities, MBS also are exposed to prepayment risk and have negative convexity. Hence liquid, highly-rated
corporate bonds may arguably be a reasonably close substitute to Treasury securities.
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2.3.2 Data sources

Treasury auctions

Detailed primary market information regarding the auctions of Treasury securities come from the U.S.

Treasury Department. Auction parameters (e.g., auction date, issue date, auction mechanism, offering

amount, etc.) and competitive auction results (e.g., bids submitted, total tender amount received and

accepted, rate statistics, etc.) are scraped from individual auction announcement and result press releases.10

Auctions of short-term, variable maturity cash management bills (CMB) and Treasury Inflation-Protected

Securities (TIPS) are dropped from the analysis.11 However, the sample contains all Treasury reopenings.

In a reopening, the U.S. Treasury issues additional amounts of a previously issued security. The reopened

security has the same maturity date and coupon rate as the original security, but with a different issue date

and typically a different purchase price.

Summary statistics from individual Treasury security auctions from 2005-2012 are summarized in Table

2.1, Panel A. Bills refer to issues of four-week, 13-week, 26-week and 52-week bills; notes refer to two-year,

three-year, five-year, seven-year, nine-year, and ten-year issues of notes; and bonds refer to the 30-year issue.

While the U.S. Treasury announces the amount of competitive bids accepted throughout the data sample,

the amount of bids submitted by primary dealers is only reported after April 7, 2008. In the sample, 95.7%

of the total offering amount of each issue is taken by financial institutions while primary dealers take 58.3%

of the total amount awarded to financial institutions and 55.8% of the total offering amount of each issue.

While there is variation within issues, primary dealers tend to take roughly half of the offering amount

across all maturity buckets. Moreover, as of February 11, 2014 there are only 22 primary dealers while the

remainder of financial institutions submitting competitive bids includes other brokers, various types of

investment funds, insurance companies, depository institutions and foreign entities.12 Therefore, primary

dealers, individually and in aggregate, empirically absorb a large fraction of new Treasury issues.

Statistics for the weekly aggregate amount of new Treasuries taken on during auctions are presented in

Table 2.1, Panel B. On an average, primary dealers absorb $81.7 billion in new Treasury securities while

10Historical announcement and results press releases for U.S. Treasury securities are available on TreasuryDirect.

11During periods when Treasury cash balances are particularly low, the Treasury may sell CMBs with typical durations of several
days. As a result of their unpredictable and irregular auction schedule, the analysis drops these securities. At just $0.9 trillion, the
TIPS market is a fraction of the U.S. Treasury ($12.8 trillion) or corporate credit ($8.2 trillion) market: primary dealer inventory of
TIPS is less than 10% of their Treasury holdings.

12Historically, while the number of primary dealers grew to 41 dealers by 1990, the number has declined to only 27 dealers in 2000.
Over the course of the data sample from 2005-2012, there were 22 dealers in 2005 and 2006, 20 in 2007, 17 in 2008, 18 in 2009 and
2010, and 21 in 2011 and 2012. This historical primary dealer list is available at https://www.newyorkfed.org/medialibrary/
media/markets/Dealer_Lists_1960_to_2014.xls. In contrast, in 2012, there were 59 US commercial banks or branches of
foreign banks with more than $10 billion in deposits, 40 insurers globally with more than $25 billion in revenues and 94 mutual funds
and hedge funds with more than $10 billion in assets under management.
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Table 2.1: Descriptive statistics of Treasury auctions and dealer Treasury positions

This table reports descriptive statistics of Treasury bill, note and bond auctions (individual issue-specific statistics in Panel A and
aggregated weekly statistics in Panel B) over the sample period January 1, 2005 to December 31, 2012. Auction data is collected
from the US Treasury Department with detailed information such as relevant dates, auction mechanism, bids submitted, total and
disaggregated tender amounts received and accepted. Offering Amount is the amount of securities offered for purchase in a particular
auction in billions. Competitive Accepted is the amount of securities, in billions, awarded to competitive bids placed by large financial
institutions for their own accounts or on behalf of customers in contrast to non-competitive bids submitted by small investors and
individuals. Primary Dealer Accepted is the amount of securities, in billions, awarded to competitive bids by primary dealers – banks
and broker-dealers that trade in U.S. Treasuries with the New York Fed. The Treasury Department only begins to report auction
results disaggregated to the primary dealer level beginning on April 7, 2008. Competitive/Offering is the ratio of total competitive bids
accepted relative to the offering amount. Primary/Offering is the ratio of total primary dealer bids accepted relative to the offering
amount. Primary/Competitive is the ratio of total primary dealer bids accepted relative to the total competitive bids accepted. Summary
statistics are reported for mean, standard deviation and the 25%, 50% and 75% quantiles. Treasury bills are defined as short-term
US government debt securities with less than one year maturity; Treasury notes are defined as US government debt securities with
maturities greater than one year and less than eleven years; Treasury bonds are defined as US government debt securities with
maturities greater than ten years.

Panel A: Summary statistics of Treasury auctions
Count Mean SD p25 p50 p75

Bill
Offering Amount 1466 24.10 7.470 18 25 30
Competitive Accepted 1466 22.97 7.708 15.93 24.98 28.30
Primary Dealer Accepted 915 16.48 4.513 13.51 16.14 19.35
Competitive/Offering 1466 0.946 0.0474 0.919 0.956 0.988
Primary Dealer/Offering 915 0.578 0.115 0.495 0.584 0.661
Note
Offering Amount 393 26.16 9.459 19 28 35
Competitive Accepted 393 25.98 9.453 19.05 27.94 34.75
Primary Dealer Accepted 269 15.05 4.344 11.94 15.36 18.06
Competitive/Offering 393 0.994 0.0766 0.988 0.995 0.999
Primary Dealer/Offering 269 0.498 0.117 0.415 0.486 0.573
Bond
Offering Amount 56 12.86 2.659 12.50 13 14.50
Competitive Accepted 56 12.84 2.654 12.48 12.99 14.48
Primary Dealer Accepted 49 6.787 1.336 5.649 6.789 7.607
Competitive/Offering 56 0.998 0.00140 0.998 0.999 0.999
Primary Dealer/Offering 49 0.510 0.0946 0.438 0.495 0.559
Total
Offering Amount 1915 24.20 8.112 17 25 30
Competitive Accepted 1915 23.29 8.291 15.87 24.78 28.98
Primary Dealer Accepted 1233 15.79 4.794 12.62 15.70 18.86
Competitive/Offering 1915 0.957 0.0579 0.935 0.970 0.993
Primary Dealer/Offering 1233 0.558 0.119 0.467 0.556 0.645

Panel B: Summary statistics of aggregated weekly Treasury auctions
Count Mean SD p25 p50 p75

Bill
Competitive Accepted 415 83.83 38.03 51.96 83.81 108.4
Primary Dealer Accepted 245 63.93 20.38 53.64 62.70 71.12
Note
Competitive Accepted 415 24.17 27.74 0 13.85 40.00
Primary Dealer Accepted 245 16.46 15.68 0 13.41 28.31
Bond
Competitive Accepted 415 1.732 4.496 0 0 0
Primary Dealer Accepted 245 1.352 2.780 0 0 0
All
Competitive Accepted 415 109.7 53.01 64.44 102.1 150.8
Primary Dealer Accepted 245 81.74 24.67 64.18 79.99 96.22
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financial intermediaries overall absorb $109.7 billion. Treasury bills tend to be a large share of the average

total weekly amount absorbed because short-dated bills are auctioned weekly. In contrast, the two-year,

three-year, five-year, seven-year, and nine-year notes are auctioned on a monthly basis, and the ten-year note

and thirty-year bond are auctioned at the quarterly refunding dates. While these securities are relatively

infrequent, Table 2.1, Panel A shows that the auction amounts are large in size. Treasury note and bond

auction supply shocks therefore represent predictable and large shocks to the balance sheets of financial

intermediaries. Figure 2.2 plots the time series of weekly aggregate Treasury securities absorbed by financial

intermediaries from auctions. The week-to-week volatility of the time series underscores the large size of

long-dated Treasury securities: a one standard deviation shock in the average aggregate weekly Treasury

amount absorbed is equal to 48.3% of the sample mean for financial intermediaries and 30.2% for primary

dealers.

Figure 2.2: Treasury acceptances by competitive and primary dealer bids

This figure plots the amount of Treasury auction issuances awarded to competitive bids (in blue) and primary dealer bids (in red) on a
weekly frequency by aggregating the individual amount of competitive and primary dealer bids accepted for each auction during the
week over the sample period April 1, 2004 to September 30, 2014.
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Dealer inventory

Data on primary dealer positions come from the Federal Reserve Bank of New York’s FR 2004A release.

The Fed collects data on the positions, transactions, and financing activity from all primary dealers with

whom it trades for broad categories of fixed-income assets: U.S. government, federal agency (“agencies”),

mortgage-backed (MBS), and corporate securities.13 The data is reported at a weekly frequency, as of the

close of business each Wednesday; the Fed then releases netted and aggregated data across all primary

dealers with a one-week lag.

Table 2.2 presents some summary statistics of primary dealers’ aggregate fixed-income portfolios. Panel

A describes some summary statistics of primary dealer net spot inventory and weekly changes in inventory,

reported in billions, across the entire Treasury portfolio (disaggregated to bills, notes and bonds) and the

corporate bond portfolio. Primary dealers are net short Treasury securities, with the negative Treasury

inventory position driven by Treasury notes. In contrast, primary dealers are net long short-dated Treasury

bills and hold a relatively flat position in extremely long-dated Treasury bonds. Note positions fluctuate

more than bill positions, with a standard deviation in levels of $59.3 billion for notes relative to $18.7 billion

for bills. In terms of week-to-week changes, the volatility of bill and note positions are comparable but

the change in Treasury notes and bonds are larger given infrequent but large auctions. On the other hand,

primary dealers are net long corporate bonds, consistent with broker-dealers’ role as primary underwriters

and market-makers of corporate debt. Dealers’ inventory levels of corporate debt is nearly as volatile

as their Treasury position, with a standard deviation of $62.3 billion for corporate debt relative to $78.4

billion for U.S. Treasuries. However, the week-to-week changes in the corporate bond inventory level

is much smaller and less volatile. Primary dealer spot inventory positions further display sizable time

variation as shown in Figure 2.3, Panel A. While Treasury inventory positions reached a low of -$199.4

billion early in 2007, inventories have since increased post-crisis, to a net positive position of roughly $100

billion. In contrast, primary dealers’ aggregate corporate bond inventories increased pre-crisis, reaching a

peak of $286.0 billion, but have since fallen to pre-2002 levels of nearly $40 billion. These long-term trends

in primary dealers’ inventory levels display a strong negative correlation providing univariate evidence

consistent with cross-asset inventory management.

Table 2.2, Panel B presents the correlation results for inventory levels and changes across primary

dealers’ fixed-income portfolio. Treasury and corporate bond net spot positions are highly correlated: -0.767

in levels and -0.426 in weekly changes. In levels, Treasury inventories are also strongly negatively correlated

13The FR 2004A has since requested more granular data as well as finer disaggregation of the fixed-income portfolio, including
government sponsored enterprise securities, state and municipal government obligations, and asset-backed securities. To be consistent
across the time series, the analysis focuses on broader buckets reported since the beginning of the sample period.
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Table 2.2: Cross-asset inventory effects across the fixed-income portfolio

This table reports descriptive statistics of primary dealer net spot inventory positions (Panel A) and correlations of weekly levels
and changes across primary dealer spot net positions in their fixed-income portfolio over the sample period January 1, 2005 to
December 31, 2012. Dealer Treasury positions are reported on a weekly basis, as of the close of business each Wednesday on the
Federal Reserve Bank of New York’s FR 2004 A release. Inventory positions are netted and aggregated across all dealers and are only
available for broad categories of securities. Panel A presents summary statistics of primary dealer spot inventory and weekly changes
in inventory, reported in billions, across the entire Treasury portfolio (disaggregated to bills, notes and bonds) and the corporate
bond portfolio. Summary statistics are reported for mean, standard deviation and the 25%, 50% and 75% quantiles. Treasury bills are
defined as short-term US government debt securities with less than one year maturity; Treasury notes are defined as US government
debt securities with maturities greater than one year and less than eleven years; Treasury bonds are defined as US government
debt securities with maturities greater than ten years. Inventory positions are netted and aggregated across all dealers and are
only available for broad categories of securities. The correlation categories in Panel B follow the aggregate reporting buckets in the
Federal Reserve Bank of New York’s FR 2004 A release: US Treasury bonds, corporate bonds, US agency bonds, and mortgage-backed
securities. The autocorrelation in levels is calculated from an AR(1) model. Half-life or speed of mean reversion towards the estimated
inventory target level is given as ln(0.5)

ln |φ| where φ is the coefficient of autocorrelation from the AR(1) model. The fraction reverted after

one week is given by 1− 1
2

ln |φ|
ln(0.5) .

Panel A: Summary statistics of primary dealer Treasury and corporate bond positions
Levels Changes

Mean SD p25 p50 p75 Mean SD
Total Treasury Inventory -27.558 78.423 -92.800 -33.174 35.700 0.104 15.699

Bill Inventory 17.567 18.718 4.356 18.519 30.370 0.009 11.123
Note Inventory -45.739 59.337 -90.698 -61.245 3.377 0.072 11.189
Bond Inventory 0.614 9.830 -6.631 3.727 8.120 0.023 2.146

Corporate Bond Inventory 122.019 62.291 69.452 112.810 161.820 0.004 6.223
Observations 702

Panel B: Correlation of Inventory Levels and Changes
Weekly Inventory Level Treasury Corporate Agency MBS
Treasury 1.000 . . .
Corporate -0.767 1.000 . .
Agency -0.572 0.762 1.000 .
MBS 0.627 -0.307 -0.313 1.000
Autocorrelation (1wk) 0.785 0.886 0.773 0.788
Half-life of Inventory (in wks) 2.858 5.747 2.696 2.910
Fraction Reverted After 1wk 0.215 0.114 0.227 0.212

Weekly Inventory Changes Treasury Corporate Agency MBS
Treasury 1.000 . . .
Corporate -0.426 1.000 . .
Agency -0.044 0.269 1.000 .
MBS -0.027 0.202 0.389 1.000
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with agency securities but positively correlated with MBS. Since MBS securities have negative convexity,

these securities offer a natural convexity hedge to dealers’ Treasury and agency positions which, when net

long, exhibits positive convexity. In terms of week-to-week changes, corporate bond inventory changes are

most negatively correlated with changes in Treasury inventories. In contrast, the weekly inventory changes

for agencies and MBS are nearly uncorrelated with changes in Treasuries. Hence while corporate bonds

inventories are most persistent (the sample autocorrelation in levels is 0.9), primary dealers prefer to draw

down on their corporate bond holdings in response to supply shocks in the Treasury market. Figure 2.3,

Panel B shows the strong negative correlation between weekly changes in primary dealers’ Treasury and

corporate bond net spot inventories. To remove the nonlinear trend shown in Figure 2.3, Panel A, I apply

a least-squares fifth-order polynomial model selected using the Akaike information criterion to detrend

the time series. Although the effect of inventory changes is less than one-for-one, the strong negative

correlation is apparent; a linear fit suggests a passthrough of nearly one-third, while the quadratic fit

suggests a concave relation.

Corporate bond transactions

To study potential effects of Treasury auction supply shocks on other fixed-income markets, I use

detailed over-the-counter (OTC) transaction data in the U.S. corporate bond market from the Enhanced

Trade Reporting and Compliance Engine (TRACE).14 Corporate bonds are a natural fixed-income asset

to explore given its similar risk profile to Treasuries and the suggestive evidence from dealer inventories

presented in Section 2.3.2; moreover, the complete record of all corporate bond trades and rich, transaction-

level detail in TRACE allows for a comprehensive analysis. Price, time, and uncapped size of the transaction,

as well as the side (or sides for inter-dealer transactions) and other trade information is required to be

reported for all corporate bond transactions in the U.S. corporate bond market. Broker-dealers have an

obligation to report transactions within fifteen minutes of trade execution.

I remove reporting errors using standard filtering procedures suggested by the literature (see Dick-

Nielsen (2013)).15 The resulting dataset of bond transactions are then merged with Mergent fixed-income

Securities Database (FISD) by CUSIP to obtain bond-specific information such as bond maturity, coupon

14While the most recent 18 months of data in the standard TRACE dataset are excluded from Enhanced TRACE, the Enhanced
TRACE dataset includes additional fields, such as buy/sell indicators and counter-party (dealer or customer) details that are necessary
to correctly filter reporting errors and construct some liquidity measures.

15Specifically, transactions known and marked as errors, such as same-day corrections and cancellations, reversals referring to
corrections and cancellations conducted following the date of initial reporting error, and double-counted agency transactions are
deleted. Finally a price sequence filter is used to delete outliers and avoid unusual transactions associated with unknown errors,
for example typographic error. Two price sequence filters are employed: 1) elimination of return reversals larger than 50%, and 2)
deletion of price observations satisfying |p−med(p, k)| > 5 ∗MovStd(p, k) where g is a granularity parameter set to one, med(p, k)
and MovStd(p, k) are the centered rolling median and the moving standard deviations of the price p using k = 20 observations.
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Panel A. Times series of primary dealers’ Treasury and corporate bond net spot inventories

Panel B. Detrended weekly changes in primary dealers’ Treasury and corporate bond net spot inventories

Figure 2.3: Treasury and corporate bond cross-asset inventory effect

This figure plots the primary dealer net spot inventory levels of Treasury (in blue with x-axis on the left) and corporate bonds (in red
with y-axis on the right) in Panel A and the relationship between de-trended changes in Treasury and corporate bond inventory levels
from July 2, 2001 to December 31, 2014. De-trended changes are calculated as weekly changes from an inventory series after removing
the nonlinear trend using a least-squares fifth-order polynomial fit.
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rate, amount issued, and historical credit rating and amount outstanding. Following the convention in the

literature, I exclude bonds that are convertible, putable, callable and exchangeable; bonds denominated in

foreign currencies, privately placed or variable coupon rates; bonds that are neither corporate debentures

or medium term notes; and bonds with less than six months or greater than thirty years to redemption.

To attenuate biases from bond illiquidity, I drop trades of bonds where the daily number of total trades

(total of buys, sells and inter-dealer trades) is less than five, or if the sum of the total daily trade volume is

less than $10,000. The weekly excess corporate bond return is computed using daily average prices for

each week ending Wednesday, and is in excess of the weekly holding period return of the U.S. one-month

Treasury bill. The preferred measure of corporate bond illiquidity is the imputed round trip cost defined as

the percent price difference, between buying (selling) a certain amount of a bond and selling (buying) the

same amount of this bond within a particular time period, e.g., one day (see Goldstein et al. (2007) and

Feldhütter (2012)).

The cleaned dataset results in 589,342 corporate bond transactions from 2005 to 2012 over 8,127 corporate

bond issues. Table 2.3, Panel A presents some summary statistics. The average corporate bond in the

sample is issued for $493.2 million and pays a fixed coupon of 5.6% for 11.1 years. At issuance, the average

bond is rated investment grade between BBB and BBB+ (numeric credit rating of 8.7) although there is

sizable variation in the sample with a one standard deviation decrease in credit rating of three notches

into high-yield rating. The sample is predominantly investment grade credit however with only 28% of

the sample rated high-yield at issuance. Roughly half of the bonds are issued by financial firms. Table 2.3,

Panel B shows that firms in manufacturing and utility industries compose the largest share of non-financial

issuers. High-yield issuers tend to be firms in the oil and gas, and service and leisure industries although

by numbers of issues, high-yield bonds in the sample are mostly likely to be issued by financials and

manufacturers. The mean weekly excess corporate bond return is 6 basis points (bps) with a large standard

deviation of 117.2 bps. Corporate bonds are quite illiquid: the time-series average for all bonds’ imputed

round-trip cost is 151.3 bps.

2.4 Empirical results

2.4.1 Cross-asset price impact

To assess the effect of Treasury auction supply shocks on the OTC transaction prices of U.S. corporate

bonds, I regress the weekly excess corporate bond return onto the contemporaneous and lagged amounts

of new Treasuries absorbed by financial intermediaries. Because Treasury issuance is arguably exogenous
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Table 2.3: Descriptive statistics of corporate bond characteristics

This table reports cross-sectional summary statistics of the underlying corporate bonds in the sample over January 1, 2005 to December
31, 2012. Summary statistics in Panel A are reported for mean, standard deviation and the 25%, 50% and 75% quantiles. At-issuance
variables include the coupon rate reported in percentage, offering amount reported in millions, maturity at issuance reported in years,
the numeric credit rating (AAA=1, AA+=2, . . ., D=25), the share of speculative grade corporate bonds at issuance and the share of
bonds in the sample issued by financials; average liquidity and spread proxies for each corporate bond issue through its life are
reported in bps. Imputed round-trip, following Feldhutter (2012), is defined as the price difference of a sequence of trades with prices

pw and identical volumes vw: 1
bi

∑w

(
1− minj pw

maxj pw

)
with bi the total number of imputed round-trip trades for a given day. Average

bid-ask spread is the difference between the daily average sell- and buy-prices relative to the average mid-price:
p̄sell− p̄buy

0.5∗( p̄sell+ p̄buy)
, with

p̄x ≡ 1
n ∑j px,j the average x-type price in the trading day. Roll (1984) Measure is the proxy for the round-trip transaction costs defined

as 2
√
−Cov(rk , rk−1) where rk is the intraday return computed using transaction prices. Amihud (2002) Measure captures the price

impact of a trade per $100,000 traded: 1
N ∑j

|rj |
Qj

where N is the number of returns on the day, rJ are intraday return computed using

transaction prices and Qj is the trade size in $100,000. Interquartile Range follows Han and Zhou (2007) and defined as: p75th−p25th

p̄

with px the xth percentile of the intraday transaction prices and p̄ the average transaction price in a trading day. Panel B reports the
distribution of corporate bond issues in the sample across ratings (investment grade versus high-yield) and industry group.

Panel A: Summary statistics of corporate bond characteristics
Count Mean SD p25 p50 p75

Characteristics at issuance
Coupon rate (%) 8127 5.587 1.721 4.625 5.625 6.700
Offering Amount ($mil) 8127 493.2 558.2 150 300 600
Maturity at issuance (yrs) 8127 11.14 8.434 5.025 10.00 10.24
Ratings (numeric) 8127 8.716 3.899 5.667 8.333 10.67
Speculative grade dummy 8127 0.281 0.449 0 0 1
Financials dummy 8127 0.484 0.500 0 0 1

Average liquidity, spread proxies in bps
Imputed Round-trip 7793 151.3 83.22 91.65 140.1 197.3
Average Bid-Ask Spread 7473 169.4 103.5 89.52 153.6 236.5
Roll (1984) Measure 7789 137.4 73.69 87.55 126.2 176.5
Amihud (2002) Measure 7785 601.5 480.8 264.3 510.8 820.1
Interquartile Range 7840 91.38 52.33 54.25 83.87 120.5

Panel B: Frequency distribution of corporate bonds across ratings and industries
Investment Grade High Yield Total

Manufacturing 1135 554 1689
Media/Communications 310 112 422
Oil & Gas 186 116 302
Railroad 11 12 23
Retail 221 79 300
Service/Leisure 227 166 393
Transportation 41 102 143
Finance 3021 910 3931
Utility 690 224 914
Miscellaneous 1 3 4
Total 5843 2278 8121
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to dealers’ existing positions and risk preferences, these supply shocks from Treasury auctions represent

a clean test for the role of intermediaries in asset pricing. Moreover given the predictable nature of the

auction schedule, Treasury auctions have a minimal adverse selection channel due to strategic behavior

based on private information. Given the small adverse selection component in Treasury auctions, dealers

might be willing to take new Treasury supply onto inventory for a relatively long time. Fleming and

Rosenberg (2008) find that dealer spot positions increase substantially in response to new Treasury supply,

and that dealers do not quickly sell – or hedge with other Treasury spot sales – large quantities of Treasury

securities purchased at auction. Empirically, primary dealers’ purchases at auction drive 78.9% of their

Treasury inventory changes excluding redemptions and explain 85.9% of the variation. Primary dealers

could potentially alleviate deviation from desired inventory levels by selling Treasury securities prior to the

auction in the when-issued market or selling Treasury securities in the secondary market. However, Figure

2.1 suggests that primary dealers tend to absorb a large part of the new Treasury supply and revert back to

desired inventory levels over longer periods than one week. As a result, I will take the view that Treasury

auctions represent exogenous supply shocks to intermediary balance sheets, and that the amounts taken at

Treasury auctions drive changes in dealers’ Treasury inventory levels.

The accumulation of undesired inventory is costly to dealers because it generates inventory risk.

Although Treasury markets are liquid fixed-income markets, large Treasury supply shocks leave dealers

with temporarily extreme positions and the possibility of slow inventory mean reversion due to large order

imbalances. Table 2.2, Panel B shows that the half-life of inventory shocks in the Treasury market is roughly

three weeks. Hence during the time in which Treasury inventory levels are abnormally high, dealers

attempt to lower their inventory risk by selling down other parts of their fixed-income portfolios, in addition

to selling down their excess Treasury positions. This price pressure generates a contemporaneous decrease

in corporate bond prices which is subsequently reversed as the new Treasury supply is reallocated from

intermediaries to a broader set of (natural) market participants, and corporate bonds are re-intermediated

onto intermediary balance sheets. In contrast, a return reversal associated with a contemporaneous increase

in prices following the supply shock is inconsistent with compensation for inventory risk and instead is

more consistent with informative order flow from dealers (e.g., dealer speculation) that moves Treasury and

corporate bond prices. Finally, primary dealers need not be the only institutions who face this inventory

risk; other market liquidity providers with broad fixed-income portfolios may help to generate additional

price pressure in the corporate bond market. Therefore, I study the cross-asset price impact due to the

new nominal Treasury amounts taken during auction for both primary dealers as well as for all financial

institutions.
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I estimate a regression:

xri,t−1→t = αi + β1Acceptedt + β2Acceptedt−1 + X′i,t−1γ + M′t−1η + ξi,t−1 + εi,t (2.1)

where xri,t−1→t is corporate bond i’s weekly excess return (over the weekly holding period return of

one-month Treasury bills) and Acceptedt is the weekly aggregated dollar amount of new Treasuries taken

on by financial intermediaries in primary market auctions. I control for lagged bond characteristics in Xi,t−1

and macroeconomic conditions in Mt−1; the regression also includes industry αi and year-bond fixed-effects

in ξi,t−1.16 To control for return predictability driven by interest rate changes, I include the lagged linear

combination of forward rates from Cochrane and Piazzesi (2005) as a return forecasting factor. Standard

errors are double-clustered at the bond- and week-level. Figure 2.4 shows graphically the timing of the

regression equation and construction of the variables.

Ex. Returns (bps):

Week:

Auction Amount
Accepted ($ bil):

Th Th ThF F FM M MT T TW W W

Week t− 1 Week t Week t + 1

xri,t−1→t xri,t→t+1

At−1,1 At−1,2

∑j Aj,t−1 = Acceptedt−1

At,1 At,2

∑j Aj,t = Acceptedt

At+1,1 At+1,2 At+1,3

∑j Aj,t+1 = Acceptedt+1

Figure 2.4: Timing of price impact regression equation

This figure plots the timing of the price impact regression specification. Total auction amounts accepted by financial intermediaries
or primary dealers are summed each week starting from Wednesday to coincide with the frequency of FR 2004 A statistical release.
Excess returns of corporate bonds are computed analogously.

The results in Table 2.4 provides strong evidence of cross-asset price effects in the corporate bond

market due to Treasury auctions and the inter-temporal intermediation of new Treasury supply. Financial

intermediaries transmit supply shocks in the Treasury market to the prices of corporate bonds. I find a

negative and statistically significant contemporaneous, and a positive and statistically significant lagged

relationship between the amount of new Treasury securities taken on by financial intermediaries and excess

corporate bond returns (see Column (1) for all new supply taken by financial intermediaries and Column

(3) for all new supply taken by primary dealers). Unsurprisingly, the point estimates of the cross-asset

16Bond characteristics include the amount outstanding of the bond, age of the bond (difference between trade date and issue
date), numeric credit rating (average rating from Fitch, Moody’s and S&P), total daily trade volume and the number of trades.
Macroeconomic controls include the credit spread (Moody’s seasoned Baa corporate bond yield over the ten-year constant maturity
Treasury (CMT) yield), yield spread (ten-year CMT yield over three month CMT yield), TED spread (three-month US$ LIBOR over
three-month Treasury bill rate), the VIX (index of near-term implied volatility for S&P 500 index options), and the MOVE (index
of near-term implied volatility for one-month Treasury options). Industry fixed effects are derived from Mergent FISD’s two-digit
industry code.
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effects are larger for a given change in the amount taken on by primary dealers. As argued in Section

2.3.1, primary dealers are required to absorb the new Treasury issues that are not wanted by other market

participants in order to insure that the auction is fully subscribed at a competitive rate. Therefore, the

amount of new Treasury securities from auction represent uncertain and potentially large shocks to their

inventories, from which dealers seek to draw down on to reduce inventory risk. The marginal effect from

supply shocks absorbed by primary dealers is slightly larger than two times the marginal effect for all

financial intermediaries (a contemporaneous fall of 0.141 bps relative to 0.306 bps, and a lagged reversal

of 0.110 bps relative to 0.228 bps). The economic magnitudes of the price pressure is significant: a one

standard deviation increase in the weekly amount of new Treasury securities absorbed by primary dealers

causes a -7.55 bps contemporaneous weekly excess corporate bond return, and leads to a partial reversal

the subsequent week of 5.62 bps. The one standard deviation change in new Treasury securities absorbed

by all financial intermediaries generates a similar pattern of return reversal: contemporaneous decline

in excess returns of 7.47 bps and a subsequent increase in excess returns of 5.83 bps. In comparison, the

average weekly excess corporate bond return in the sample is 6 bps. The effect in terms of yield can be

estimated by dividing the returns by the negative of the average modified duration over the sample (5.06

years). Therefore, a one standard deviation increase in new Treasuries for primary dealer is associated with

a yield that is contemporaneously higher by 1.5 bps, and only falls by -1.1 bps the subsequent week.

By decomposing the total weekly amount of Treasury securities absorbed by intermediaries, I can

further explore the cross-asset price effect of Treasury auctions (see Column (2) for all new supply taken

by financial intermediaries and Column (4) for all new supply taken by primary dealers. Specifically,

I decompose the total nominal amount into three maturity buckets: bills, notes and bonds. I find the

strongest evidence for reversals in corporate bond returns following new Treasury notes. The maturity of

Treasury notes ranges from two years to ten years; in comparison, the average maturity at issuance of the

corporate bonds in the sample is 11.14 years, and the average age of the bond at trade is 4.68 years. As a

result, the risk profile of the corporate bonds most resembles the risk profile of U.S. Treasury notes.17 The

marginal effect of a one billion dollar increase in new Treasury notes absorbed by financial intermediaries

leads to a contemporaneous decline in excess returns of -0.349 bps, and a subsequent reversal of 0.455 bps

the following week. There is a large estimated contemporaneous decline in corporate bond excess returns

17Due to reporting convention changes in FR 2004 A, the reported maturity distribution of primary dealer corporate bond
inventories changes in granularity over time. However, statistics from various time periods is consistent with the claim: from July 4,
2001 to March 27, 2013 when corporate bond holdings were disaggregated into maturities less than and greater than one year, bonds
with maturities greater than one year accounted for 75% of the total corporate bond holdings at primary dealers. More recently from
January 7, 2015 to present, the FR 2004 A disaggregates maturities more granularly: of the total corporate bond holdings, on average,
bonds with maturity less than one year accounted for 20.9%, bonds with maturities between one year and ten year accounted for
61.0%, and bonds with maturity greater than ten years accounted for the remaining 18.1%.
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Table 2.4: Cross-asset inventory effects: Evidence from Treasury auctions

This table reports weekly regressions of cumulative weekly corporate bond returns in excess of the one-month risk free rate (in
bps) on the contemporaneous (t) and lagged (t− 1) amount of Treasuries awarded to competitive bids (in billions) in Columns (1)
and (2), amount of Treasuries awarded to primary dealer bids (in billions) in Columns (3) and (4), and changes in primary dealer
Treasury spot inventory (total Treasury inventory in Column (5) and Treasury notes in Column (6)) over the sample period January
1, 2005 to December 31, 2012. The effect of Treasury shocks in the form of units accepted by competitive and primary dealers are
shown in aggregate and separately for bills, notes and bonds. To control for bond predictability, all regressions include the Cochrane
and Piazzesi (2005) return forecasting factor measured as of the end of the previous week. Bond-level controls include the amount
outstanding (in millions), the age of the bond (in years), the total weekly trade volume (in millions), the total number of trades during
the week, and the numeric bond credit rating. Macro controls include changes in the credit spread (Moody’s seasoned Baa corporate
bond yield relative to the yield on ten-year Treasury constant maturity bond), TED spread (spread between three-month US$ LIBOR
and the three-month Treasury bill), the yield spread (spread of ten-year Treasury constant maturity over the three-month Treasury
constant maturity), the VIX index (index of near term implied volatility of S&P 500 index options) and the MOVE index (index of
near term implied volatility of one-month Treasury options). All regressions have bond-year and industry fixed effects. Coefficients
are reported with two-way clustered (bond and week level) standard errors in parentheses. All Accepted and Change variables are in
billions. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

(1) (2) (3) (4) (5) (6)
Dependent variable Cumulative weekly excess corporate bond return (bps)
Accepted Type Competitive Primary Dealer All Note
TSY Acceptedt -0.141∗∗∗ -0.306∗∗∗

(-2.68) (-3.10)
TSY Acceptedt−1 0.110∗∗ 0.228∗∗

(2.13) (2.40)
Bill Acceptedt -0.0766 -0.191

(-0.88) (-1.39)
Bill Acceptedt−1 -0.0592 0.0219

(-0.68) (0.18)
Note Acceptedt -0.112 -0.349∗∗

(-1.41) (-2.13)
Note Acceptedt−1 0.266∗∗∗ 0.455∗∗∗

(3.20) (2.77)
Bond Acceptedt -0.830∗∗ -2.273∗∗∗

(-1.98) (-2.84)
Bond Acceptedt−1 0.168 -0.291

(0.37) (-0.34)
Inventory Changet -0.0448 -0.430∗∗

(-0.38) (-2.58)
Inventory Changet−1 0.333∗∗∗ 0.210

(3.13) (1.24)
Cochrane-Piazzesi factor Yes Yes Yes Yes Yes Yes
Bond Controls Yes Yes Yes Yes Yes Yes
Macro Controls Yes Yes Yes Yes Yes Yes
Bond Year FE Yes Yes Yes Yes Yes Yes
Sample Period Start 2005 2005 2008 2008 2008 2008
N 589342 589342 411523 411523 411523 411523
# Week Clusters 415 415 245 245 245 245
# Bond Clusters 8127 8127 6371 6371 6371 6371
Adjusted R2 0.0400 0.0426 0.0529 0.0562 0.0796 0.0749
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due to supply shocks of long-dated Treasury bonds. While Treasury bond do represent sizable shocks to

dealer inventories, most of the effect likely reflects the high duration of these bonds and the associated

inventory risk. Economically, given the relatively small standard deviation of new Treasury bonds absorbed

by primary dealers, a one standard deviation increase leads to a contemporaneous 6.3 bps excess return

decline. Finally, note the insignificant estimates for the amount of new Treasury bills absorbed by either

primary dealers or all financial intermediaries. This lack of return reversal suggests no price pressure in

corporate bond markets due to Treasury bill auctions. This is consistent with the theory of inventory risk

and cross-asset inventory management since Treasury bills have short duration and low regulatory risk

weights.

Columns (5) and (6) regress the weekly excess corporate bond return onto the actual Treasury security

inventory changes at primary dealers for the inventory of all Treasuries (Column (5)) and of Treasury

notes (Column (6)). I find some evidence of return reversals of similar magnitudes to the regression

equation that uses the total weekly amount of new Treasury securities absorbed by intermediaries. The

point estimates are not all statistically significant due to the noise introduced by intermediaries that begin

to adjust their inventory levels within the week. In sum, I find evidence of cross-asset price pressure in the

corporate bond market due to the inter-temporal intermediation of new Treasury securities by financial

intermediaries. During a particularly large auction of Treasury debt, financial intermediaries are likely to

sell down the level of Treasury inventory itself or require a price concession in order to absorb the supply

shock. This regression suggests that financial intermediaries are also selling down the corporate bonds in

an attempt to possibly reduce the overall inventory risk of their fixed-income portfolios. The pattern of

return reversal is consistent with selling pressure from financial intermediaries who absorb a large supply

shock; an alternative theory where dealers’ Treasury order flow contains information and moves prices of

fixed-income securities is inconsistent with the empirical evidence in Table 2.4 since that theory suggests

dealer positions changing in the same direction as prices.

Relative magnitudes of same-asset and cross-asset effects

How does the Treasury auction supply shock’s subsequent price pressure across markets (i.e., corporate

bonds) compare relative to price pressure induced in the same-asset market (i.e., on to Treasury security

prices)? Anecdotally, Treasury issues cheapen around auction dates to attract sufficient demand for the

new Treasury supply. Fleming and Rosenberg (2008) and Lou et al. (2013) provide evidence that dealers

are compensated for inventory risk associated with Treasury supply changes from auctions via return

reversals of Treasury securities themselves. From the dealer’s perspective, the optimality condition implied
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by the inventory optimization problem would likely suggest that the dealer sells down Treasury securities

first given the relatively more attractive liquidity in the Treasury market and the first-order effect from

an increase in the inventory of that specific security. Assuming downward sloping demand curves, the

dealer would then sell down close substitutes to Treasury securities. To compare, the relative magnitudes

of the return reversals in Treasury securities and corporate bonds, I regress the weekly excess return of

the Treasury bonds just issued (on-the-run) and the weekly excess return of corporate bonds onto the

contemporaneous and lagged amounts of new Treasuries absorbed by financial intermediaries. Weekly

Treasury returns are calculated using data from the Center for Research in Securities Prices (CRSP) daily

U.S. Treasury database. The database provides the daily Treasury security prices and accrued interest of

on-the-run Treasury securities which can be used to compute the weekly return of Treasury securities.18

Throughout this analysis, the Treasury price is the average of the bid and ask prices reported by CRSP.

Table 2.5 shows the comparison of return reversals for on-the-run Treasury securities and corporate

bonds. I find that the marginal effect of an additional one billion dollar absorption of new Treasury

securities by primary dealers generates a large contemporaneous decline in Treasury excess returns of

0.574 bps and a subsequent increase of 0.499 bps. In contrast, the corporate bond reversal is smaller: the

contemporaneous return for corporate bonds falls less than the Treasury return by 0.268 bps, while the

subsequent return is 0.271 bps lower than the Treasury reversal. These estimates are statistically significant.

Moreover, similar qualitative results are found when looking at the amount of new Treasury securities taken

on by all financial intermediaries, although the point estimates, as in Table 2.4, are smaller in magnitude.

There are three points to be made. First, the smaller return reversal found in corporate bonds relative to

Treasury securities is consistent with a theory that Treasury auctions exert temporary price pressure onto

secondary Treasury and corporate bond markets as a result of intermediary inventory risk management.

Selling pressure is larger in the Treasury security market because the dealer Treasury inventory is furthest

away from desired levels due to the auction; as the dealer sells down from his excess Treasury inventory,

the dealer may also gradually sell down from other parts of the fixed-income portfolio, perhaps due

to downward sloping demand curves for assets. Nevertheless, while the return reversal is smaller, the

coefficient estimates are of the same order of magnitude. This comparability suggests that the cross-asset

price effect is an important channel through which intermediaries affect asset prices across markets even

if the economic impact may be second-order. The comparability of return reversals also provides some

evidence on market segmentation. Consider two cases: in the first, markets are perfectly integrated such

18On-the-run securities are the most recently auctioned securities of a given maturity. I use the return for the first off-the-run
security when the return for the on-the-run security is missing. I use six Treasury maturities: six-month and one-year bills, two-,
three-, five-, seven-, and ten-year notes, and thirty year bonds.
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that in the absence of different market frictions, the size of the return reversals between Treasury securities

and corporate bonds should be the same; in the second, markets are perfectly segmented such that the

Treasury auction supply shock should generate price effects only in the Treasury market. The comparison

of return reversals in Table 2.5 suggests that a null hypothesis of perfectly segmented markets is rejected.

Indeed evidence of market spillover implies evidence of partially segmented markets given the similarities

in risk profiles of Treasuries and corporate bonds. Absent market frictions, the prices of the two securities

would be tightly linked by arbitrage. Instead, credit risk and differential market liquidity creates a wedge

and results in less than one-for-one spillovers into the corporate bond market. Furthermore, the evidence

of cross-asset price pressures suggest that at least corporate and Treasury bond markets may not be as

segmented even at short horizons of weekly frequencies in contrast to the evidence of segmentation at the

monthly frequency implied by Mitchell et al. (2007) for convertible bonds, and the yearly frequency implied

by Froot and O’Connell (1999) for catastrophe reinsurance.

2.4.2 Duration-weighted price impact

Thus far the analysis on cross-asset price impacts has predominantly focused on the effects of nominal

Treasury amounts taken on by intermediaries. However, a natural expression of the economic risk borne by

intermediaries should consider the duration of the securities. A bond’s modified duration measures the

bond price sensitivity to yield – to a first-order approximation, every 1% increase in interest rates drives

the bond price down by 1%. An intermediary who absorbs a large issue of long-dated Treasury bonds,

for example, would face higher inventory risk than another intermediary who absorbs a large issue of

short-dated Treasury bills as a result of the Treasury bonds’ higher duration. As a result, an intuitive test

examines the cross-asset price effect due to absorption of new Treasuries on a duration-weighted basis. The

duration of each Treasury security is available via the CRSP Daily Treasury file. I further examine the

effect of duration-weighted Treasury amounts absorbed by intermediaries on different duration buckets of

corporate bonds.19 This analysis allows me to make statements about price effects across the term structure.

Finally, I decompose the corporate bond return into a component due to duration, credit and liquidity.

Specifically the duration component is the excess return of the corporate bond duration-matched on-the-run

Treasury security over the return on one-month Treasury bill rdur = ron
TSY,d − rTbill . The liquidity component

is the return difference between the corporate bond duration-matched off-the-run and on-the run Treasury

19Corporate bond data required to compute the modified duration of the bond given the yield to maturity (reported in TRACE) is
obtained via Mergent FISD. Bond data includes the yield to maturity, coupon rate, settlement and maturity dates; to compute the
duration of the bond whether the first or last coupon periods in the coupon structure are short or long requires additionally, the
coupon frequency, basis, first and last coupon dates, and the date from which a bond cash flow is considered. While all transactions in
TRACE are required to report the price, not all transactions have a yield, thus explaining differences in sample size.
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Table 2.5: Corporate bond effects relative to Treasuries due to Treasury auctions

This table reports weekly regressions of cumulative weekly Treasury (Columns (1) and (4)) and corporate bond returns (Columns (2)
and (5)) in excess of the one-month risk free rate (in basis points) on the contemporaneous (t) and lagged (t− 1) amount of Treasuries
awarded to competitive bids (Columns (1) and (2)) and primary dealer bids (Columns (4) and (5)) in billions over the sample period
January 1, 2005 to December 31, 2012. Columns (3) and (6) compute the difference in estimated coefficients for the Treasurys’ and
corporate bonds’ contemporaneous and lagged effects. The Treasury bond sample consists of on-the-run six-month and one-year bills,
two-, three-, five-, seven- and ten-year notes, and thirty-year bonds extracted from the CRSP Daily Treasury files. The returns for the
first off-the-run securities are used when the return for the on-the-run security is missing due to missing CRSP data or erroneous
prices. To control for bond predictability, all regressions include the Cochrane and Piazzesi (2005) return forecasting factor measured
as of the end of the previous week. The bond-level control in the Treasury regression includes the maturity bucket; bond-level controls
in the corporate bond regressions include the amount outstanding (in millions), the age of the bond (in years), the total weekly
trade volume (in millions), the total number of trades during the week, and the numeric bond credit rating. Macro controls include
changes in the credit spread (Moody’s seasoned Baa corporate bond yield relative to the yield on ten-year Treasury constant maturity
bond), TED spread (spread between three-month US$ LIBOR and the three-month Treasury bill), the yield spread (spread of ten-year
Treasury constant maturity over the three-month Treasury constant maturity), the VIX index (index of near term implied volatility of
S&P 500 index options) and the MOVE index (index of near term implied volatility of one-month Treasury options). All regressions
have bond-year and corporate bond regressions have industry fixed effects. Coefficients are reported with two-way clustered (bond
and week level) standard errors in parentheses in Columns (1)-(2) and (4)-(5); differences in coefficients in Columns (3) and (6) are
reported with the F-statistics following a Wald test of the single equation restriction H0 : β = 0. All Accepted are in billions. To put the
returns in context, the average round-trip trading cost for on-the-run Treasuries is 3-5 bps, while the average round-trip trading cost
for corporate bonds is 150 bps. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

(1) (2) (3) (4) (5) (6)
Bid Type Competitive Primary Dealer
Security Treasury Corporate Difference Treasury Corporate Difference
TSY Acceptedt -0.240∗∗∗ -0.141∗∗∗ -0.0991∗∗ -0.574∗∗∗ -0.306∗∗∗ -0.268∗∗∗

(-7.32) (-2.68) [5.98] (-7.19) (-1.91) [11.61]
TSY Acceptedt−1 0.265∗∗∗ 0.110∗∗ 0.155∗∗∗ 0.499∗∗∗ 0.228∗∗ 0.271∗∗∗

(7.89) (2.13) [11.43] (6.13) (1.59) [11.68]
Cochrane-Piazzesi factor Yes Yes Yes Yes
Bond Controls Yes Yes Yes Yes
Macro Controls No Yes No Yes
Bond Year FE Yes Yes Yes Yes
Sample Period Start 2005 2005 2008 2008
N 2274 589342 1424 411523
# Week Clusters 415 415 245 245
# Bond Clusters 6 8127 6 6371
Adjusted R2 0.0318 0.0400 0.0333 0.0529

securities rliq = ro f f
TSY,d − ron

TSY,d. The return of on-the-run Treasuries is computed using the CRSP Daily

Treasury file as in Section 2.4.1, while the off-the-run Treasury return is computed using the Treasury yield

curve derived by Gürkaynak et al. (2007).20 The credit component is then implied by the residual return:

rcredit = xr− rdur − rliq. This return decomposition is important because it identifies a different effect than

the duration channel found by Fleming and Rosenberg (2008) and Lou et al. (2013) in Treasury securities.

Given the interest rate risk shared by Treasuries and corporate bonds, one interpretation of the cross-asset

price effect is that the price impact on corporate bonds is simply a mechanical repricing of changes in the

20Gürkaynak et al. (2007) exclude the two most recently issued securities for securities issued in 1980 or later to construct an
off-the-run Treasury yield curve based on a large set of outstanding Treasury notes and bonds. The k-period holding period return (in
logs) is then given by:

ro f f
TSY,d(t→ t + k) = dyd,t − (d− k)yd−k,t+k

where the log yield y = log(1 + Y).
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Treasury yield curve due to the inter-temporal intermediation of new Treasury issues. Alternatively, other

factors, for example those due to credit risk or corporate bond liquidity, may cause corporate bond excess

returns to move orthogonally to Treasury repricing.

The first three columns of Table 2.6 decomposes the corporate bond excess return into three components:

the return due to duration in Column (1), credit spreads in Column (2), and liquidity in Column (3).

Specifically I regress these components of the decomposition onto the contemporaneous and lagged nominal

amounts of new Treasuries absorbed by all financial intermediaries. I focus on the amount of new Treasuries

taken on by all financial intermediaries rather than primary dealers due to the longer time series available;

these results can be thought of as a conservative estimate of the marginal effect for primary dealers. I find

mixed and weak statistically significant estimates overall. There is evidence that the contemporaneous

price impact on corporate bonds due to Treasury auctions is only partially driven by mechanical changes in

the Treasury yield curve. For a one billion dollar increase in new Treasuries absorbed, the component of

corporate bond returns due to duration changes falls by 0.104 bps. Additionally, the contemporaneous

corporate bond excess return falls due to changes in credit spreads as well: a decrease of 0.114 bps for each

additional billion dollars of new Treasuries absorbed. Inter-temporal intermediation by financial institutions

thus drive up the required compensation for duration and credit risk which results in lower bond prices

and a negative contemporaneous weekly excess corporate bond return. While the marginal effect from the

credit component is only statistically significant at the ten percent level, it suggests that the price impact

on corporate bond prices is not purely driven by passthrough of duration risk from the Treasury market.

The impact of liquidity drives down the corporate bond return in both the contemporaneous and lagged

marginal effect estimate. New Treasury supply exhausts the balance sheets of liquidity providers who in

turn intermediate the new Treasury securities by selling down other parts of their fixed-income portfolio,

namely corporate bonds. This generates an order imbalance in the corporate bond market resulting in

market illiquidity and lower corporate bond returns.

Column (4) and (5) of Table 2.6 suggests a robust contemporaneous price impact from Treasury

auctions onto the returns of corporate bond prices. A one standard deviation increase in the duration-

weighted amount of new Treasuries absorbed by financial intermediaries results in 5.88 bps decline in

contemporaneous returns; the subsequent price reversal is interpreted as not statistically different from

zero, in contrast to the results examining the nominal amount of new Treasuries absorbed in Table 2.4.

Decomposing the total amount of new Treasuries into three buckets of duration-weighted Treasury amounts

generates qualitatively similar results to the analysis using nominal Treasury amounts. The amount of

new Treasury bills taken on do not generate any price impacts in corporate bond markets. Alternatively,

new Treasuries with longer durations do generate price impacts: a one-standard deviation increase in
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duration-weighted Treasury notes generates a contemporaneous decline in corporate bond excess returns of

6.26 bps, and a subsequent reversal of 4.38 bps. Extremely long-duration Treasury bonds only have a large

contemporaneous impact, resulting in a decline in excess returns of 6.03 bps, an effect comparable with the

absorption of new Treasury notes. Overall, these results suggest that after absorbing large amounts of new

Treasuries, dealers sell down other parts of their fixed-income portfolios and particularly, those with high

duration risk.

Finally, by looking at the cross-duration corporate bond price effect of duration-weighted Treasuries

absorbed by financial intermediaries, I can examine the price impact along the term structure. In Columns

(6) to (8) of Table 2.6, I compute the duration of each corporate bond and divide the sample into three

buckets: short duration (duration less than one year), medium (duration between one and ten years), and

long (duration more than ten years). For each of these subsamples, I regress the corporate bond excess

return on the duration-weighted amount of bills, notes and bonds absorbed by financial intermediaries.

Due to the low duration and capital risk weights of Treasury bills, I do not find any impact of new Treasury

bills on the price of corporate bonds. I find that a large absorption of Treasury notes generates price

impacts for medium- and long-duration corporate bonds but not for short-duration corporate bonds. A one

standard deviation in the weekly duration-weighted amount of new Treasury notes absorbed leads to an

initial fall in corporate bond returns of 4.98 bps but a much larger contemporaneous effect in long-duration

corporate bonds of 14.15 bps, and a subsequent return reversal of 3.91 bps for medium-duration corporate

bonds and 7.79 bps for long-duration corporate bonds. Amounts of new Treasury bonds absorbed drive

down contemporaneous returns of medium- and long-duration bonds: a one standard deviation increase in

new Treasury bonds absorbed leads to a contemporaneous return decrease of 5.31 bps for medium-duration

bonds, and 10.76 bps for long-duration bonds. Therefore, the cross-duration effect in corporate bonds

seems to affect long-duration corporate bonds most – consistent with a theory where intermediaries look to

draw down corporate bonds that have the largest marginal impact in reducing duration risk. Interestingly,

large absorptions of Treasury bonds also generate price impacts in short-duration corporate bonds. Since

thirty-year Treasury bonds have the highest durations and assuming a downward sloping demand curve,

dealers likely sell down assets across the entire term structure in an attempt to reduce inventory risk.

2.4.3 Price impact heterogeneity

The price impact in corporate bonds is largest during and after the crisis. Table 2.7 presents the estimates

from (2.1), using amounts taken by all financial intermediaries, in the crisis and the post-crisis sub-periods

(2007-2012 in Column (3), and 2010-2012 in Column (4)). In these sub-periods, I find statistically significant

95



and relatively stronger price reversals than the full sample estimates in Column (1). Post-crisis changes

in financial regulation and changing bond inventory trends for broker-dealers suggest that inventory risk

is more acute after the financial crisis. If broker-dealers have limited risk-bearing capacity and their risk

appetites have declined, then large absorptions of new Treasury issuances will push dealers closer against

this inventory constraint, resulting in larger return reversals as selling pressure in corporate bond markets

grows. Pre-crisis (2005-2007) the return reversal does not exist. Instead, corporate bond returns are positive

and large with a contemporaneous marginal effect of 0.293 bps and a lagged effect of 0.110 bps. After the

crisis, the U.S. Treasury also increased the total Treasury amount outstanding, generating larger supply

shocks to the balance sheets of financial intermediaries. In sum, I find that the price effect is strongest

during and after the financial crisis when risk and inventory constraints may bind more tightly.

Table 2.7: Evidence from Treasury auctions: Subsamples

This table reports weekly regressions of cumulative weekly corporate bond returns in excess of the one-month risk free rate (in basis
points) on the contemporaneous (t) and lagged (t− 1) amount of Treasuries awarded to competitive bids (in billions) over three
sample periods: pre-crisis (2005-2007) in Column (2), post-2007 (2007-2012) in Column (3) and post-crisis (2010-2012) in Column (4).
To control for bond predictability, all regressions include the Cochrane and Piazzesi (2005) return forecasting factor measured as of the
end of the previous week. Bond-level controls include the amount outstanding (in millions), the age of the bond (in years), the total
weekly trade volume (in millions), the total number of trades during the week, and the numeric bond credit rating. Macro controls
include changes in the credit spread (Moody’s seasoned Baa corporate bond yield relative to the yield on ten-year Treasury constant
maturity bond), TED spread (spread between three-month US$ LIBOR and the three-month Treasury bill), the yield spread (spread of
ten-year Treasury constant maturity over the three-month Treasury constant maturity), the VIX index (index of near term implied
volatility of S&P 500 index options) and the MOVE index (index of near term implied volatility of one-month Treasury options).
All regressions have bond-year and industry fixed effects. Coefficients are reported with two-way clustered (bond and week level)
standard errors in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

(1) (2) (3) (4)
Dependent variable Cumulative weekly excess corporate bond return (bps)
Sample Full Sample Pre-crisis Crisis Post-crisis
Competitive Acceptedt -0.141∗∗∗ 0.293∗∗ -0.169∗∗∗ -0.215∗∗∗

(-2.68) (2.25) (-3.02) (-2.72)
Competitive Acceptedt−1 0.110∗∗ 0.104 0.0990∗ 0.169∗∗

(2.13) (0.66) (1.82) (2.43)
Cochrane-Piazzesi factor Yes Yes Yes Yes
Bond Controls Yes Yes Yes Yes
Macro Controls Yes Yes Yes Yes
Bond Year FE Yes Yes Yes Yes
Sample Period 2005 -2012 2005 -2007 2007 -2012 2010 - 2012
N 589342 112072 477270 286751
# Week Clusters 415 103 312 156
# Bond Clusters 8127 3580 6932 5428
Adjusted R2 0.0400 0.0387 0.0430 0.0502

Table 2.8 presents the regression estimates from equation (2.1), using nominal amounts taken by all

financial intermediaries, for different subsamples of corporate bonds. I find evidence that the most liquid

corporate bonds have the largest price effects. Specifically, larger and younger bonds with high credit

ratings have a larger decrease in returns during weeks when intermediaries absorb large amounts of new
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Treasuries, and have a larger return reversal the subsequent week. This is consistent with a story in which

dealers run against an inventory constraint and thus sell down close substitutes to Treasuries. In particular,

I find that the subset of corporate bonds referenced by the CDX IG index that tracks the 125 most liquid,

investment-grade rated entities in the relevant single-name CDS market exhibit a contemporaneous price

decline. The contemporaneous marginal effect for these liquid corporate bonds is nearly 2.3 times larger

than the unconditional estimates suggesting that broker-dealers look to sell the most liquid assets first

thereby avoiding large adverse price impact from trade. I do not find evidence that the unconditional price

impact is driven by the debt of non-financial institutions. Corporate bonds issued by financial institutions

themselves exhibit price reversals around large auction dates.

2.4.4 Analysis of trading strategies

An alternative to understand the cross-asset price impact from inter-temporal intermediation of new

Treasury supply is to look at the profitability of a trading strategy that exploits the relationship between

Treasury issuance and corporate bond returns. This alternative strengthens the price-impact evidence in two

ways and offers a “robustness” check against the evidence presented so far. First, given the secular decline

in Treasury yields during the sample period, the increase in corporate bond returns following auctions may

be partially explained by declining interest rates. Five-year yields peaked at 5.18% in June 2006 and fell to

nearly 50 bps in July 2012 – an average weekly decline of nearly 150 bps per week. Constructing a short-only

trading strategy around auctions suggests evidence that the secular decline cannot be the sole explanation.

Second, since many Treasuries are regularly auctioned near the end of the month, month-end dynamics

identified by the market efficiency literature may drive the corporate bond return behavior around auctions.

Specifically, intermediaries may “window-dress” by curtailing levels of short-term wholesale funding on

their balance sheets ahead of quarter-ends; asset managers who benchmark their bond portfolios to indices

may face strong incentives to align their positions when benchmarks are “refreshed” at the close of each

month. From April 1, 2004 to December 31, 2012, 98.1% of two-year notes and 80.7% of five-year notes are

auctioned in the last two weeks of a month while only 7.7% of ten-year notes satisfy this criteria. Showing

that a strategy trading around the auction of ten-year notes remains profitable will attentuate month-end

concerns about the price impact.

The documented price pattern around Treasury auctions implies significant trading profits, at least

before transaction costs. Consider the following trading strategy which seeks to exploit the relationship

between Treasury issuance and corporate bond returns: short the corporate bond asset in weeks of an

m-year Treasury note auction and long the corporate bond asset in the following week. All positions are
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closed one week later. In the weeks that meet neither criteria, no positions are held. The trading strategy

is illustrated in Figure 2.5. In particular, I focus on the auctions of Treasury notes because Treasury bill

auctions are too frequent, occurring in every week of the data sample; however of the Treasury notes,

I focus on the two-year, five-year and ten-year notes as those maturities represent the most frequently

auctioned note issues. I consider three corporate bond assets. First, I construct a hypothetical equal-weight

portfolio of all OTC corporate bonds that trade over a given week. Suppose you owned the market value

of all corporate bonds and made trades when a transaction was reported in TRACE and otherwise did

not, then this portfolio would represent your hypothetical returns. Second, given the high trading costs of

corporate bonds due to search costs in the OTC market, I examine the risk and return of trading corporate

bond ETFs. Corporate bond ETFs are investment funds that tracks an index of corporate bonds; these ETFs

products are more commonly being used by institutional investors to hedge and obtain liquidity in place of

the underlying reference securities. I consider trade in three corporate bond ETFs: LQD, CRED and VCIT.21

The trading costs for these large corporate bond ETFs is low, with a bid-ask spread of 5 bps, relative to

the much higher bid-ask spread for corporate bonds traded over the counter roughly 150 bps as shown in

Table 2.3.

Th ThF F FM M MT T TW W W

Week t− 1 Week t Week t + 1

ri,t−1→t ri,t→t+1

m-year
note auctionopen close/

open
close

No action Sell short Long

Figure 2.5: Timing of Treasury auction trading strategy

This figure plots the timing of a medium-term trading strategy using corporate bond ETFs at the weekly frequency. Supposing there
is an auction of a m-year note known to occur during week t, the trading strategy opens a short ETF position on the Wednesday of
week t, closes the position at the end of the week, and subsequently goes long the ETF the following week t + 1. This long position is
closed at the end of week t + 1.

I report the risk and return distribution for this trading strategy in Table 2.9. On average, trade in the

hypothetical equal-weight portfolio of OTC corporate bonds in Table 2.9, Panel A is profitable, leading to

average excess returns of 5.3% for two-year notes, 4.2% for five-year notes and 3.8% for ten-year notes on

21LQD refers to the iShares iBoxx $ Investment Grade Corporate Bond ETF which tracks the iBoxx USD Liquid Investment Grade
Index; CRED refers to the iShares Core U.S. Credit Bond ETF which tracks the Barclays U.S. Credit Bond Index; VCIT refers to the
Vanguard Intermediate-Term Corporate Bond ETF which tracks the Barclays US 5-10 Year Corp Index. These indices roughly reflect
the underlying sample of investment grade corporate bonds in the previous analysis, tracking highly liquid, U.S. dollar-denominated,
fixed-rate, taxable securities with medium-term maturities. Anecdotally, these ETFs are those used by many institutional investors,
and thus are a better representation of the underlying fundamental prices in OTC markets given a smaller retail component in pricing.
See also “Bond ETFs draw big investors” Financial Times, March 30, 2014.
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an annualized basis. The decrease in average returns along the maturity dimension is accompanied by a

decrease in the volatility of the trading strategy. The strategy, not accounting for trading costs, generates

high Sharpe ratios equal to 1.12 for the 2-year note, 0.90 for the five-year note, and 0.89 for the ten-year

note. Although this trading trades at most twenty-four times a month (two-year and five-year note are

auctioned on a monthly basis, ten-year notes are auctioned on a quarterly basis), the high trading costs in

the OTC market makes such a strategy infeasible. Instead, consider trade in the LQD ETF asset, presented

in Table 2.9, Panel B. Note that the average excess returns from this strategy are lower than the average

hypothetical excess returns from trade in OTC corporate bonds. Nevertheless, since the risk of the ETF

strategy is lower, the Sharpe ratios remain economically large: 0.19 for two-year notes, 1.23 for five-year

notes, and 0.33 for ten-year notes. While these Sharpe ratios do not incorporate transaction costs, these

transactions costs for the LQD ETF is appreciably smaller than the excess returns identified. Given its size

and exchange-traded structure, the LQD ETF has an average bid-ask spread of 1 bps. Moreover, the higher

moments of the risk-return distribution are relatively well-behaved. The maximum drawdown for the LQD

ETF trading strategy using the five-year note is only 9.6%. These results are not particular to the LQD ETF.

Table 2.9, Panel C examines the trading profits from a strategy which invests in an equal-weight portfolio of

three corporate bond ETFs. This portfolio diversifies the risk as evidenced by the lower standard deviation

of excess returns across all maturities. This improved risk profile helps to generate an even higher Sharpe

ratio for the strategy that trades around the five-year note to 1.23 relative to 1.12 for a strategy that only

trades a single ETF. The diversification benefit also helps lower the maximum drawdown of the strategy

across all maturities.

Figure 2.6 plots the cumulative returns and drawdowns of the two ETF strategies trading around the

five-year Treasury note from April 1, 2004 to December 31, 2014. These results using an extended time

sample relative to the previous analysis suggests results robust to out-of-sample time periods. In Figure 2.6,

Panel A, I plot the cumulative returns from trade in the LQD ETF in red, and a slightly adjusted strategy in

blue. The adjustment excludes the short trade on September 29, 2008 implied by the trading strategy; on

that day, the Dow Jones Industrial Average fell nearly 778 points, or 6.98%, a record crash, while the S&P

500 index, fell almost 9%, its third-biggest decline since World War II, and other bond indices suffered large

losses. Regardless, I show evidence of positive cumulative returns with only slight drawdowns over time.

Figure 2.6, Panel B presents similar results using an equal-weight portfolio of corporate bond ETFs trading

around the five-year Treasury note. Trade over less than a ten-year period generates cumulative returns of

45% with a maximum drawdown of 7.8% during April 2008.

Table 2.10 shows the trading profits for a short-only trading strategy in which the hypothetical corporate

bond portfolio is sold short in the secondary OTC market at the start of each week where the m-year
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Table 2.9: Analysis of hypothetical corporate bond trading strategies around Treasury auctions

This table reports information on the weekly annualized excess returns for three trading strategies over the sample period April 1, 2004
to December 31, 2012. Each panel presents the trading strategy of selling asset x if there is going to be an auction of a coupon-bearing
security of maturity m in the coming week, buying asset x if there was an auction the preceding week, and otherwise neither buying
nor selling if neither conditions hold. All positions are closed out at the end of each week. Panel A shows the portfolio returns of a
trading strategy hypothetically buying and selling an equal weighted portfolio of all corporate bonds transacted over-the-counter in
TRACE during the week; Panel B shows the portfolio returns of a trading strategy that buys and sells the iShares iBoxx $ Investment
Grade Corporate Bond ETF (LQD); Panel C shows the portfolio returns of a trading strategy that buys and sells an equal-weight
portfolio of three ETFs: LQD, the iShares Core U.S. Credit Bond ETF (CRED), and the Vanguard Intermediate-Term Corporate Bond
Index Fund (VCIT). These ETFs are chosen because they track US credit bond indices that best reflect the underlying sample of
OTC bonds in the analysis. Three most frequently auctioned security maturities are chosen: m = 2-year, 5-year and 10-year Notes.
All returns are in excess of the risk-free rate. Mean returns and standard deviations are expressed annually; the Sharpe ratio is the
annualized Sharpe ratio for each trading strategy. # of Trades is the number of trades (buys and sells) made following the trading
strategy in the sample period; Start Date is the first trade made following the trading strategy and asset x. Maximum drawdown
measures the largest single drop from peak to bottom in the value of the portfolio before a new peak is reached.

Panel A: x = Hypothetical Equal-weight Portfolio of OTC Corporate Bonds
m 2-year Note 5-year Note 10-year Note
Mean return 0.0532 0.0418 0.0382
Standard deviation of returns 0.0475 0.0466 0.0430
Sharpe ratio 1.121 0.897 0.888
# Trades 202 200 168
Start Date 9/23/2004 9/30/2004 11/4/2004

Panel B: x = LQD ETF
m 2-year Note 5-year Note 10-year Note
Mean return 0.0241 0.0990 0.0363
Standard deviation of returns 0.0937 0.0886 0.0719
Sharpe ratio 0.257 1.118 0.505
Maximum Drawdown 0.172 0.0959 0.119
# Trades 240 256 224
Start Date 4/22/2004 4/1/2004 5/13/2004

Panel C: x = Equal-weight ETF Portfolio (LQD+CRED+VCIT)
m 2-year Note 5-year Note 10-year Note
Mean return 0.0125 0.0779 0.0227
Standard deviation of returns 0.0667 0.0632 0.0689
Sharpe ratio 0.188 1.234 0.329
Maximum Drawdown 0.143 0.0782 0.0858
# Trades 240 256 224
Start Date 4/22/2004 4/1/2004 5/13/2004
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Panel A. LQD

Panel B. Panel B. LQD + CRED + VCIT

Figure 2.6: ETF trading strategies

This figure shows the cumulative return and drawdown from two trading strategies trading around the five-year Treasury note
auction: long/short the iShares iBoxx $ Investment Grade Corporate Bond ETF (LQD) in Panel A (note the the red line sets the returns
of the week ending September 29, 2008 to zero to examine the effect without the large decrease in the LQD that week), and long/short
an equal weight portfolio of three ETFs: LQD, the iShares Core U.S. Credit Bond ETF (CRED), and the Vanguard Intermediate-Term
Corporate Bond Index Fund (VCIT) in Panel B over the sample period April 1, 2004 to December 31, 2014.
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Treasury note is auctioned and then covered at the end of that week. The average excess return while

positive is small: 80 bps for the two-year note and 56 bps for the five-year note. The accompanying decrease

in volatility of the trading strategy nevertheless yields moderate estimates of the Sharpe ratio. Therefore,

while much of the trading strategy’s expected returns are driven by the long-leg of the strategy, the positive

returns of the short-leg suggest that dealers flatten their overall inventory risk by selling down corporate

bonds after absorbing large amounts of new Treasuries. Moreover, Table 2.10 shows the trading profits for

a long-short trading strategy around the five-year Treasury note auction. Specifically, this duration-hedged

trading strategy trades around the five-year Treasury auction and goes short (long) five-year duration

corporate bonds and long (short) a duration matched portfolio of two- and ten-year corporate bonds if

there is going to be an auction of a 5-year Treasury note in the coming week (preceding week). All positions

are closed out at the end of each week. This trading strategy fully immunizes the portfolio against small

changes in interest rates by buying and selling duration-matched legs. The annualized average excess

return of this duration-matched trading strategy is 3.8%, with a Sharpe ratio of 1.16.

Table 2.10: Short-only and duration-hedged trading strategies around Treasury auctions

This table reports information on the weekly annualized excess returns for short-only and duration-hedged trading strategies in
corporate bonds over the sample period April 1, 2004 to December 31, 2012. The short-only trading strategy shorts asset x if there is
going to be an auction of a coupon-bearing security of maturity m in the coming week, goes long asset x if there was an auction the
preceding week, and otherwise neither buys nor sells if neither conditions hold. The duration-hedged trading strategy trades around
the five-year Treasury auction and goes short (long) five-year duration corporate bonds and long (short) a duration matched portfolio
of two- and ten-year corporate bonds if there is going to be an auction of a coupon-bearing security of maturity m in the coming week
(preceding week). All positions are closed out at the end of each week. Mean returns and standard deviations are expressed annually;
the Sharpe ratio is the annualized Sharpe ratio for each trading strategy. # of Trades is the number of trades (buys and sells) made
following the trading strategy in the sample period; Start Date is the first trade made following the trading strategy and asset x.

Trading Strategy Short-Only Duration Hedge
m 2-year Note 5-year Note 10-year Note 5-year Note
Mean return 0.00807 0.00562 0.0463 0.0382
Standard deviation of returns 0.0395 0.0442 0.0453 0.0330
Sharpe ratio 0.204 0.127 1.024 1.159
# Trades 101 100 84 200
Start Date 20040923 20040930 20041104 20040930

2.4.5 Non-price effects of Treasury auctions

I present additional evidence on the non-price impact of Treasury auctions on corporate bonds. In

particular, I look at order imbalances and return volatility, as well as measures of market illiquidity

surrounding Treasury auctions. These non-price effects offer a more comprehensive picture of the cross-

asset effects transmitted by financial intermediaries and are particularly given the high trading costs and

bilateral, negotiated nature of corporate bond trade.
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Trading volume, return volatility

Table 2.11 presents the regression estimates from (2.1) but using the order imbalance and return volatility

as the dependent variable rather than the excess corporate bond return. The order imbalance is defined

as the log of the sell-to-buy weekly trading volume of corporate bond; the return volatility is the weekly

corporate bond excess return volatility in basis points. In weeks of large amounts of Treasury securities

absorbed by financial intermediaries, I find that the volume of corporate bond sales to purchases increases

by 7.1% as intermediaries look to reduce their inventory risk; this marginal effect is larger for primary

dealers. The order imbalance occurs as intermediaries asymmetrically increase the selling pressure in the

market. I do not find statistically significant estimates for an order imbalance the following week, which I

interpret to be an equalization of sell and buy volumes. Columns (5) and (6) examine the order imbalance

across investment grade and high-yield rated issues. Consistent with a theory that dealers first sell down

the most liquid, and closest substitutes to Treasuries, I find evidence that the contemporaneous order

imbalance is highest in the investment-grade corporate bond issues: while the relative selling pressure

high-yield securities increases by 3.6%, the relative selling pressure for investment grade is about twice

as large, 8.1%. Furthermore, Columns (3) and (4) provide evidence that the return volatility in corporate

bond markets increase following the absorption of large amount of Treasuries. Large order imbalance and

supply shocks exacerbate the inventory problem of dealers, who are expected to respond by changing

bid-ask spreads and revising price quotations. Inventory models of Stoll (1978) and Ho and Stoll (1981,

1983) suggest that dealers position quotes to encourage trading on the other side of the market. This

paper suggests that dealers themselves add to the selling pressure, depressing prices until additional

liquidity capital comes to the market. As a result, supply shocks have a direct effect on returns, with price

fluctuations captured by higher volatility. I find that a one standard deviation increase in the amount of

new Treasuries absorbed by financial intermediaries, increases the contemporaneous weekly volatility by

13.8 bps and increases the weekly volatility of the following week by 10.1 bps.

Corporate bond market illiquidity

Table 2.12 presents evidence that illiquidity in the corporate bond market is higher during days of

Treasury auctions. I compute the daily imputed round-trip spread for each corporate bond issue and

regress this spread on indicator variables for Treasury auction announcements, auctions, and settlements at

the daily frequency, controlling for bond-level characteristics, macroeconomic variables, day-of-the week
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Table 2.11: Corporate bond volume and return volatility around Treasury auctions

This table reports weekly regressions of the log sell-to-buy trading volume of corporate bonds, Volsell
Volbuy

in % (Columns (1)-(2), (5)-(6))

and weekly corporate bond excess return volatility, Return Volatility in basis points (Columns (3)-(4)) on the contemporaneous (t) and
lagged (t− 1) amount of Treasuries awarded to competitive bids (in billions) in Columns (1), (3) and (5)-(6) and amount of Treasuries
awarded to primary dealer bids (in billions) in Columns (2) and (4) over the sample period January 1, 2005 to December 31, 2012. The
effect of Treasury shocks in the form of units accepted by competitive and primary dealers are shown in aggregate. To control for
bond predictability, all regressions include the Cochrane and Piazzesi (2005) return forecasting factor measured as of the end of the
previous week. Bond-level controls include the amount outstanding (in millions), the age of the bond (in years), the total weekly
trade volume (in millions), the total number of trades during the week, and the numeric bond credit rating. Macro controls include
changes in the credit spread (Moody’s seasoned Baa corporate bond yield relative to the yield on ten-year Treasury constant maturity
bond), TED spread (spread between three-month US$ LIBOR and the three-month Treasury bill), the yield spread (spread of ten-year
Treasury constant maturity over the three-month Treasury constant maturity), the VIX index (index of near term implied volatility of
S&P 500 index options) and the MOVE index (index of near term implied volatility of one-month Treasury options). All regressions
have bond-year and industry fixed effects. Coefficients are reported with two-way clustered (bond and week level) standard errors in
parentheses. All Accepted and Change variables are in billions. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

(1) (2) (3) (4) (5) (6)
Dependent variable Volsell

Volbuy
Return Volatility Volsell

Volbuy

Sample Full Sample IG HY

Type Competitive Primary Competitive Primary Competitive CompetitiveDealer Dealer
TSY Acceptedt 0.0705∗∗∗ 0.109∗∗∗ 0.267∗∗∗ 0.432∗∗∗ 0.0805∗∗∗ 0.0360∗

(3.64) (2.95) (4.47) (4.49) (3.67) (1.83)
TSY Acceptedt−1 -0.00933 -0.0235 0.190∗∗∗ 0.272∗∗∗ -0.00963 -0.0148

(-0.46) (-0.59) (5.53) (4.54) (-0.43) (-0.67)
Cochrane-Piazzesi factor No No No No No No
Bond Controls Yes Yes Yes Yes Yes Yes
Macro Controls Yes Yes Yes Yes Yes Yes
Bond Year FE Yes Yes Yes Yes Yes Yes
Sample Period Start 2005 2008 2005 2008 2005 2005
N 507277 355586 317281 230953 371772 135284
# Week Clusters 415 245 415 245 415 415
# Bond Clusters 7251 5716 5335 4449 5241 2930
Adjusted R2 0.0202 0.0184 0.352 0.360 0.0212 0.0146

indicator variables and bond-year fixed effects.22 The U.S. Treasury announces details of the auction and

bidding rules on the announcement date, conducts the auction and announces the auction results on the

auction date, and delivers the securities to the bidders awarded securities in exchange for payment on the

settlement date. Crucially, the amount of new Treasuries to be absorbed by intermediaries is only known

at auction date. I find no marginal increase in market illiquidity on announcement or settlement days.

However, on auction days, I find that the imputed round-trip spread increases by 3 bps, a 2% increase from

22Unreported results that examine other price- and quantity-based measures of liquidity such as the average bid-ask spread

(difference between the daily average sell- and buy-prices relative to the average mid-price:
p̄sell− p̄buy

0.5∗( p̄sell+ p̄buy)
, with p̄x ≡ 1

n ∑j px,j the

average x-type price in the trading day), Roll (1984) measure (2
√
−Cov(rk , rk−1) where rk is the intraday return computed using

transaction prices), Amihud (2002) measure (price impact of a trade per $100,000 traded: 1
N ∑j

|rj |
Qj

where N is the number of returns

on the day, rJ are intraday return computed using transaction prices and Qj is the trade size in $100,000) and the interquartile range(
p75th−p25th

p̄ with px the xth percentile of the intraday transaction prices and p̄ the average transaction price in a trading day) generate

qualitatively similar results.
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the average spread of 150 bps. When I do not control for the macroeconomic environment, I find a marginal

estimate of 7 bps increase in market illiquidity, a 5% increase from the average spread. Decomposing

the auction date effect into auctions of bills, notes and bonds, I find no effect on market illiquidity on

days of Treasury bill auctions. Instead, corporate bond markets become more illiquid only on the days

of longer-dated Treasury securities. This is consistent with the price effect resulting from intermediaries’

absorption of short- and long-dated Treasuries presented in Table 2.4. These marginal effects are interpreted

as lower bounds due to the bilateral and negotiated nature of OTC markets. Trades that do not occur as a

result of high transaction costs and hence are not reported in TRACE will not properly update the imputed

round-trip spread, an empirical measure of liquidity.

2.5 Discussion

If uncertainty about Treasury auctions are resolved gradually in the week leading up to the auction,

then average Treasury returns before auctions should be higher than returns subsequent to the auction. The

empirical evidence presented thus far in inconsistent with this interpretation. Instead, I argue that Treasury

auctions exert temporary price pressure in the corporate bond markets as a result of the inter-temporal

intermediation frictions of financial institutions. Specifically, during weeks where financial intermediaries

absorb large amounts of newly auctioned Treasuries, selling pressure in the corporate bond markets

increase as intermediaries look to lower their fixed-income inventory risk. Sales in corporate bonds are

a likely candidate to reduce inventory risk due to their market size and close substitutability of some

issues. Selling pressure however requires two frictions: limited risk-bearing capacity of intermediaries, and

partially segmented markets or otherwise slow-moving capital as in Duffie (2010).

2.5.1 Slow-moving capital

Arbitrageurs or natural investors need to be constrained from providing liquidity within and across

markets instantaneously. If arbitrageurs were able to absorb the entire supply from Treasury auctions,

or able to instantly absorb order imbalances in the corporate bond market, then supply shocks have no

price effects in the corporate bond market. Instead, the corporate bond and Treasury markets are likely

to be segmented. Natural holders of both Treasury and corporate bonds are financial institutions often

characterized by their slow movement of investment capital to trading opportunities. The estimated

ownership of U.S. Treasury securities from the Treasury Bulletin implies that a majority of private holdings

of Treasury securities are held by institutions that are unlikely to engage in short-term arbitrage trades.
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Table 2.12: Illiquidity during auctions

This table presents the daily regression of an illiquidity proxy, imputed round-trip in basis points, on Treasury announcements,
auctions and settlement date indicator variables. Imputed round-trip, following Feldhutter (2012), is defined as the price difference of

a sequence of trades with prices pw and identical volumes vw: 1
bi

∑w

(
1− minj pw

maxj pw

)
with bi the total number of imputed round-trip

trades for a given day. Announcement is an indicator variable equal to one if there is a Treasury auction announcement on that day;
Auction is an indicator variable equal to one if there is a Treasury auction on that day; Settlement is an indicator variable equal to one
if there is a Treasury auction settlement on that day. Columns (1)-(3) run each regression unilaterally controlling for each discrete
event; Column (4) regresses the imputed round-trip on each of the indicator variables; Column (5) presents the results of the auction
effect without macro-level controls; Column (6) presents the disaggregated effect of Treasury auctions depending the type of auction
security. Bond-level controls include the amount outstanding (in millions), the age of the bond (in years), the total weekly trade
volume (in millions), the total number of trades during the week, and the numeric bond credit rating. Macro controls include the
credit spread (Moody’s seasoned Baa corporate bond yield relative to the yield on ten-year Treasury constant maturity bond), TED
spread (spread between three-month US$ LIBOR and the three-month Treasury bill), the yield spread (spread of ten-year Treasury
constant maturity over the three-month Treasury constant maturity), the VIX index (index of near term implied volatility of S&P 500
index options) and the MOVE index (index of near term implied volatility of one-month Treasury options). All regressions have
bond-year and industry fixed effects and day-of-the-week indicator variables. Coefficients are reported with two-way clustered (bond
and day level) standard errors in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

(1) (2) (3) (4) (5) (6)
Dependent variable Imputed round-trip (bps)
Announcement 0.537 0.416 0.538

(0.38) (0.29) (0.37)
Auction 3.206∗∗∗ 3.208∗∗∗ 7.328∗∗∗

(3.83) (3.31) (4.32)
AuctionBill 1.205

(1.12)
AuctionNote 1.538∗

(1.86)
AuctionBond 3.530∗∗∗

(2.58)
Settlement -0.0907 -0.256 -0.185

(-0.09) (-0.23) (-0.16)
Bond Controls Yes Yes Yes Yes Yes Yes
Macro Controls Yes Yes Yes Yes No Yes
Day-of-week dummy Yes Yes Yes Yes Yes Yes
Industry dummy Yes Yes Yes Yes Yes Yes
Bond Year FE Yes Yes Yes Yes Yes Yes
Observations 1343907 1343907 1343907 1343907 1343907 1343907
# Day Clusters 1199 1199 1199 1199 1199 1199
# Bond Clusters 7299 7299 7299 7299 7299 7299
Adjusted R2 0.360 0.360 0.360 0.360 0.338 0.360
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Instead, these institutions are more likely to be buy-and-hold investors who use Treasuries to hedge existing

positions, track benchmarks or as a store of wealth and a means to conduct transactions. In particular,

as of year-end 2012, local, state and foreign governments held $6.2 trillion in U.S. Treasury securities

accounting for 62.41% of all privately held U.S. Treasuries, by far the largest proportion. It is unlikely

that these institutions have the infrastructure or the investment mandate to engage in high-frequency

arbitrage trading. Bond mutual funds held over $1 billion in U.S. Treasury securities accounting 10.42%

of all privately held U.S. Treasuries.23 Mutual funds and ETFs have increased their holdings of corporate

bonds, growing to a 15% ownership of the entire corporate bond market in year-end 2012. fixed-income

bond mutual funds and ETFs are likely to avoid high-frequency arbitrage due to concerns of tracking error

since fixed-income indices only adjust their composition at a monthly frequency.

Insurance companies and pension funds hold $0.9 trillion in Treasury securities – 9.29% of all privately

held Treasuries securities. Statistics from the Board of Governors of the Federal Reserve System shows

that at the end of 2012, nearly 30% of the corporate bonds outstanding are owned by pension funds and

insurance companies. Neither insurance companies nor pension funds trade infrequently and are not

natural liquidity providers. The National Association of Insurance Commissioners (NAIC) report that

roughly 69% of insurance companies make less than five trades and 13% do not make any trades in a

year. Life insurers had more than $1.5 trillion of corporate bonds at the end of 2012, and corporate bonds

accounted for 46.0% of all general-account invested assets. Property and casualty insurers invested less

in corporate bonds: year-end 2012 corporate bond holdings were $293 billion. These institutions have

preferred habitats in long-maturity bonds: the year-end weighted average maturity of corporate bonds

held by life, and property and casualty insurers was eleven years and six years, respectively. Anecdotally,

pension funds have low turnover and a propensity to hold their fixed-term assets until maturity.

Banks and other depository institutions have remained small players in both markets – roughly 4% of

the total privately held Treasury market and 8% of the corporate bond market. While these institutions

could be expected to provide liquidity, the trading frictions in the OTC market and trends in market quality

may still restrict liquidity provision to a small subset of capital that is immediately available to absorb a

shock on short notice. New regulations have deterred many financial institutions from buying corporate

debt resulting in a 76% decline in primary dealer corporate bond inventories. Despite the explosion in

dollar-denominated corporate bond issuance – SIFMA reports corporate bond issuance in 2012 of $1.36

billion, nearly twice the issuance following the financial crisis – trading has failed to keep pace, increasing

only 48% during the same period. Trading volumes relative to the size of the overall market, i.e. turnover,

23Source: Flow of Funds Table L.209. Includes money market mutual funds, mutual funds, and closed-end investment companies.
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has fallen since the financial crisis in both the high-yield and investment grade bond sectors. Given the

OTC nature of secondary corporate bond trading, these changes imply that corporate bond intermediation

may be subject to large market frictions. Liquidity in the U.S. Treasury market has potentially declined as

well due to regulatory and structural changes at dealers.24 These frictions ultimately slow the movement of

investment capital to trading opportunities.

2.5.2 Limited risk-bearing capacity

Limited risk-bearing capacity implies that dealers cannot absorb large positions in Treasury auctions

without shorting similar securities in their fixed-income portfolio in the secondary market as well as in the

when-issued Treasury market. This selling activity exerts downward pressure on secondary market prices.

The assumption of limited-risk bearing capacity can be justified in two ways: first, noise trader risk may be

market-wide rather than idiosyncratic and lead to duration risk, or second, specialized arbitrage resources

are required and the resources dedicated to the markets in question are limited perhaps due to financial

regulation or changes in market structure.

The cross-asset price impact is larger when primary dealers find it more costly to bear risks under

this friction. As the intermediary comes up against the risk-bearing constraint, contemporaneous selling

pressure in corporate bonds grows larger as intermediaries look to sell down even larger amounts of its

fixed-income portfolio. The subsequent price reversal is attenuated as intermediaries cannot re-absorb

the securities back onto its balance sheet. Hence, under the assumption of limited risk-bearing capacity,

when intermediaries face tighter constraints the amplitude of the immediate price impact is larger and

the pattern of the subsequent recovery is slower. To test these predictions, I extend (2.1) by interacting

the amount of new Treasury securities accepted by financial intermediaries (Acceptedt) with proxies of

risk measured at the start of each week (RiskProxyt− ). Specifically, I consider four risk proxies: the VIX, a

measure of implied equity index volatility; the MOVE, a measure of implied Treasury volatility; the TED

spread, a popular but noisy measure of funding conditions as perceived by financial institutions computed

as the spread between three-month dollar LIBOR and U.S. Treasury bill; and the Treasury general collateral

repurchase agreement (repo) rate, the interest rate paid on collateralized short-term funding.

Table 2.13 presents suggestive evidence consistent with a hypothesis of limited risk-bearing capacity.

The risk proxies are normalized to standard deviation of one. When markets become more volatile, financial

institutions appear to be less willing to re-absorb the corporate bonds initially sold on weeks of large

auctions. A one standard deviation increase in the VIX reduces the lagged return reversal by half while a

24See market participants’ concerns about deteriorating Treasury market liquidity: Wall Street Bemoans Bond Market Liquidity Squeeze
Wall Street Journal, June 2015 and US Treasuries market faces liquidity concerns Financial Times, July 2015
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one standard deviation increase in the MOVE generates no reversal. Market volatility does not statistically

significantly increase the magnitude of the contemporaneous price impact although the unconditional

price impact remains. When the funding conditions for financial intermediaries, as proxied for by the

TED spread, tightens, the contemporaneous price impact becomes larger in magnitude (a one standard

deviation increase in funding costs increases the marginal effect by 0.05 bps) and the subsequent price

reversal becomes much smaller. Since repo is one of the main funding sources of intermediaries, times of

high repo growth and low repo rates coincide with high intermediary risk appetite. As repo rates increase,

intermediary risk appetite falls. This fall in risk appetite, and very likely capital constraints, leads to a

contemporaneous increase in the selling pressure following large Treasury auctions. This increased selling

pressure leads to a larger contemporaneous price impact. In sum, the immediate price impact is larger

when dealers face more volatile market conditions, or are more capital constrained; the subsequent price

reversal is further attenuated.

2.5.3 Implications for monetary policy

How prices adjust across partially segmented markets has topical implications. Specifically, price

adjustment across markets has implications for the evaluation of QE programs conducted by the U.S. Federal

Reserve starting in late November 2008. Much of the research focused on short horizons surrounding

announcement dates have found that the effect of QE price impacts are predominantly confined to the

market the Fed transacts in, while other studies which look at lower frequency observation windows

find that secondary market effects may be on the order of magnitudes larger than the short-horizon

analysis suggests. The cross-asset price evidence from U.S. Treasury auctions provides an alternative

perspective to understand asset price dynamics during QE. First, the low-frequency price impact from

Treasury auctions suggests that studies of QE which focus on high-frequency price movements or use an

event-study methodology (i.e., Gagnon et al. (2011), Krishnamurthy and Vissing-Jorgensen (2011, 2013))

can underestimate the cross-asset price effect of QE. Due to the slow-moving nature of liquidity capital,

“flow effects” within and across markets may only be realized over lower-frequencies. Krishnamurthy

and Vissing-Jorgensen (2011) argue that QE1 produced a significant drop in the rates of long-term safe

assets but barely affected risky assets such as Baa corporate bonds. In contrast, Mamaysky (2014) suggests

that if the observation window is expanded to days or weeks, the effects in secondary markets may be

larger by an order of magnitude – a result consistent with the evidence from Treasury auction supply

shocks. Additionally, Greenwood et al. (2015) show that in an environment of low rate volatility and low

supply volatility, as observed in this time period of large scale asset purchases, cross-market effects may be
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Table 2.13: Limited risk-bearing capacity and cross-asset inventory effects

This table presents the effect of contemporaneous (t) and lagged (t− 1) financial intermediaries’ risk-bearing capacity and auction
shocks (amount of Treasuries awarded to competitive bids in billions) on cumulative weekly corporate bond returns in excess of the
one-month risk free rate (in basis points) over the sample period January 1, 2005 to December 31, 2012. The following risk-bearing
capacity proxies, RiskProxy, are considered: VIX is the index value of the near term implied volatility from S&P500 options; MOVE is
the index value of near term implied volatility of one-month Treasury options; TED is the TED spread as a proxy for funding costs of
financial intermediaries (e.g., Garleanu and Pedersen 2011); TSY GC Repo Rate is the average daily interest rate paid for the most-traded
general collateral (GC) repurchase agreement (repo) contracts for U.S. Treasuries cleared via the FICC and reflects the actual daily
funding costs experienced by banks; Repo Growth is the four-week growth rate in primary dealer repos, a key funding source for
broker-dealers (e.g., Adrian and Shin 2010). All risk proxies are measured as of the end of the previous week and standardized to
mean zero and standard deviation one to ease interpretation of coefficients. Interaction is the product between the total Treasury
auction amount accepted by financial intermediaries and the risk-bearing proxy measured at the start of the contemporaneous week:
Interactiont = Acceptedt × RiskProxyt−1. To control for bond predictability, all regressions include the Cochrane and Piazzesi (2005)
return forecasting factor measured as of the end of the previous week. Bond-level controls include the amount outstanding (in
millions), the age of the bond (in years), the total weekly trade volume (in millions), the total number of trades during the week, and
the numeric bond credit rating. All regressions have bond-year and industry fixed effects. Coefficients are reported with two-way
clustered (bond and week level) standard errors in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

(1) (2) (3) (4)
Dependent variable: Cum. weekly excess corporate bond return (bps)

Risk Proxy VIX MOVE TED TSY GC
Repo Rate

Acceptedt -0.145∗∗ -0.155∗∗∗ -0.130∗ -0.193∗∗∗

(-2.47) (-2.65) (-1.89) (-2.79)
Acceptedt × RiskProxyt− -0.0600 -0.0385 -0.0490∗ -0.0528∗

(-1.18) (-1.01) (-1.89) (-1.72)
Acceptedt−1 0.136∗∗ 0.0941∗ 0.125∗ 0.0843

(2.32) (1.73) (1.96) (1.29)
Acceptedt−1 × RiskProxyt− -0.0785∗ -0.101∗∗ -0.108∗∗∗ 0.0877

(-1.70) (-2.13) (-2.63) (1.63)
RiskProxyt− -0.290 19.33∗∗ 36.17∗∗∗ -13.04∗∗

(-0.03) (2.22) (5.04) (-2.35)
Cochrane-Piazzesi factor Yes Yes Yes Yes
Bond Controls Yes Yes Yes Yes
Macro Controls No No No No
Bond Year FE Yes Yes Yes Yes
Sample Period Start 2005 2005 2005 2005
N 584383 584383 589342 574118
# Week Clusters 414 414 415 402
# Bond Clusters 7982 7982 8127 8001
Adjusted R2 0.0215 0.0179 0.0182 0.0150
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economically meaningful but remain statistically undetectable. In contrast, given that issuance levels and

volatility have increased following the financial crisis, this paper’s cross-asset price impact evidence from

Treasury auction supply shocks suggests that the cross-asset price effect due to QE is more statistically

significant than otherwise detected.25 The impact of Treasury auction supply shocks on interest rates across

markets is also informative. Empirically I find evidence that the yield curves for both the corporate bond

and U.S. Treasury markets steepen in the presence of a positive supply shock, with a larger effect in the

same-asset Treasury market. This change in the yield spread is consistent with the empirical observation of

yield curve changes during announcements of tapering by the Fed, specifically during the “taper tantrum”

in the summer of 2013. Finally the decomposition of the price effect from Treasury auction supply shocks

presents evidence that the cross-asset price effects may be driven through both duration, credit and liquidity

channels. This finding using Treasury auction supply shocks suggests that QE may have secondary market

effects by affecting market liquidity and other technical factors, a point also made by D’Amico and King

(2013). For example, the Federal Reserve’s purchase of U.S. Treasuries nearing maturity may have increased

the willingness of investors to hold them due to a lower liquidity premium. This lower liquidity premium

in turns results in tighter credit spreads.

2.6 A stylized model

The empirical evidence presented suggests a strong relationship between financial intermediaries’

absorption of new inventory and asset pricing effects. I model illiquidity spillovers resulting from a supply

shock in an OTC market with imperfect financial intermediation.26 Risk-averse financial intermediaries

hold inventory in two correlated assets and solve a portfolio optimization problem for asset holdings. This

stylized model generates both a temporary same-asset effect on the price of newly issued bonds and a

smaller cross-asset effect on the price of a correlated bond.

2.6.1 Model

A risk-averse liquidity-providing intermediary absorbs an issuance of new Treasury securities. A

continuum of risk-averse long-term investors, representing the natural buyers, cannot immediately absorb

25U.S. Treasury issuance rose three-fold since 2007, increasing to $2.3 trillion in 2012 from $0.75 trillion in 2007. In comparison,
U.S. large scale asset purchases bank debt, mortgage-backed securities, and Treasury notes reached a peak of $2.1 trillion in June
2010. During QE1, the Fed bought $30 billion in Treasury notes monthly to maintain a target level of $2.054 trillion. Asset purchases
increased in QE2 and QE3 with stated increases in the amount of open-ended purchases to $40 billion per month. New Treasury
issuances displayed larger amount of monthly volatility with a monthly standard deviation of $66 billion against a monthly average
issuance level of $180.7 billion – Treasury issuance volatility was roughly 1.5 times that of QE purchases.

26See Newman and Rierson (2004), Duffie (2010), Duffie and Strulovici (2012), and Greenwood et al. (2015) for similar models.

112



the new issuance due to search frictions. All agents have a time preference of r and are equally risk-averse

with coefficient of constant absolute risk aversion α. There are two correlated risky assets in the economy, a

Treasury bond T and a corporate bond C. The intermediary has a long-run inventory target of S̄ for each

bond. The cumulative dividends of the two bonds follow a Gaussian process:dDC(t)

dDT(t)

 = µdt +

ρσ
√

1− ρ2σ

σ 0

 dZt = µdt + ΣdZ(t)

where Z represents a standard independent two-dimensional Brownian motion and ρ ∈ [−1, 1] is the

correlation coefficient between the two cumulative dividend processes. For exposition, the Brownian

motions may represent stochasticity due to interest rate risk (dZ(t)(1)) and credit risk (dZ(t)(2)).

To focus on the effect of a Treasury auction shock, suppose that the intermediary’s holding of C, qC, is S̄

for all t < 0 and that C is the only asset available for t < 0. At auction t = 0, the intermediary absorbs the

new Treasury supply equivalent to S̄ + s. Let qT be the amount of Treasury holdings by the intermediary.

Intermediaries look to find buyers after temporarily absorbing the supply imbalance but face search frictions

in trade with long-term investors (as in Duffie et al. (2005) and Lagos and Rocheteau (2009)). Specifically,

suppose that at the successive event times of a Poisson process with intensity parameter λ, the intermediary

makes contact with a long-term investor, chosen from the population at random. Long-term investors

trade with probability one if contacted by the intermediary. Bargaining between the intermediary and

long-term investor leads to a price between the reservation value of asset i for the intermediary, Ri(qC, qT , t),

and the reservation value for asset i of the long-term investor, Qi: Pi(t) = βqi + (1− β)Ri(qC, qT , t). To

obtain closed-form solutions, I assume that long-term investors hold all the bargaining power: β = 1. This

assumption implies that the intermediary draws down her excess Treasury holdings following the law of

motion:
dqT(t)

dt
= −λ(qT(t)− s) (2.2)

For t > 0, the intermediary chooses her consumption stream, {c(t)}, to maximize the value function

which naturally depends only on the intermediary’s current wealth Wt and time:

J [W, t] = sup
c,(qC ,qT)∈Γ

Et

[∫ ∞

t
e−r(u−t)−e−αc

α
ds
]

(2.3)

subject to:

dW(t) = (rW(t) + qCπC + qTπT − c(t)) dt +

qC

qT


′

ΣdZ(t) (2.4)

q̄ ≤ ψCqC(t) + ψTqT(t) ≡ Γ (2.5)
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where Et denotes a Ft-conditional expectation, and consumption is assumed to be Ft-adapted and

integrable. A transversality condition is assumed in order to prevent the intermediary from unlimited

borrowing to fund consumption. (2.4) reflects the law of motion for wealth which is driven by interest on

current intermediary wealth, proceeds from risk premia on the corporate (πC) and Treasury bond (πT)

and consumption at rate c(t); (2.5) is a reduced-form cross-asset inventory constraint requiring the total

(weighted) assets to be less than an exogenous level q̄. If φC = φT = 1, then the constraint is akin to a

nominal capital constraint; otherwise, if φT ≤ 1 < φC, then this constraint embeds a notion of regulatory

capital and duration risk weighting.

Proposition 2.1. In an infinite-horizon economy with two correlated risky assets following a Gaussian cumulative

dividend process, issuance of one asset generates price pressure on both assets. The equilibrium price paths following

exogenous issuance at t = 0 have the following dynamics:

PC(t) =


µ

r
− ασ2

ψC
q̄− ασ2ert (ρψC − ψT)

ψC
s− ασ2 (ρψC − ψT)

ψC
S̄ if t < 0

µ

r
− ασ2

ψC
q̄− ασ2e−λt (ρψC − ψT)

ψC
s− ασ2 (ρψC − ψT)

ψC
S̄ if t ≥ 0

PT(t) =
µ

r
− αρσ2

ψC
q̄− ασ2e−λt (ψC − ρψT)

ψC
s− ασ2 (ψC − ρψT)

ψC
S̄ if t ≥ 0

(2.6)

The inventory holdings of the intermediary follow the path:

qC(t) =


µ

r
q̄− ψT

(
e−λts + S̄

)
ψC

if t < 0

µ

r
q̄− ψT

(
erts + S̄

)
ψC

if t ≥ 0

qT(t) = se−λt + S̄ if t ≥ 0

(2.7)

Proof. See Appendix B.2.

The first term in (2.6) is the price of the asset for a risk-neutral long-term investor – the present

discounted value of the perpetuity paying the mean instantaneous dividend µ. The second, third and

fourth terms in (2.6) are compensation for inventory risk demanded by the risk-adverse intermediary. The

second term reflects the intermediary’s cost of total (weighted) inventory holdings; the third term reflects

the price reduction required by the intermediary to temporarily absorb excess inventory s above S̄ and

gradually unloads the excess inventory at meeting rate λ; and the fourth term reflects the intermediary’s

cost of inventory target levels across assets. The price and quantity effects are largest at issuance. As the

intermediary slowly meets long-term investors and reduces her excess holdings of Treasuries, the price

discount falls and prices revert to the long-term corporate and Treasury prices when s = 0. Crucially, given

the cross-asset inventory constraint, prices of the corporate bond and Treasury assets share a common
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dependence due to the intermediary’s balance sheet. However, note that if the inventory constraint was

relaxed by increasing the exogenous position limit, q̄, cross-asset price pressure remains because the

intermediary’s reservation values for the two assets derive from the intermediary’s first-order optimality

conditions over her entire fixed-income portfolio. Prior to the auction shock, the prices of the both the

corporate bond and Treasury asset reflect the anticipated future risk premia.

The model generates comparative statics for asset prices that highlight the role of the assets’ return

distribution, intermediary risk-bearing capacity and size of the supply shock. Proposition 2.1 summarizes

the comparative statics of the model.

Corollary 2.1. The magnitude of the price impact in the corporate bond asset (C) due to a auction shock in the

Treasury asset (T) market is:

• Increasing in the correlation ρ between C and T

• Increasing in the size of the auction shock s if ψT < ρψC: the intermediary chooses to draw down on corporates

more when corporates are a close substitute to Treasuries or if the capital charge on corporates is much larger

than that of Treasuries

• Increasing in corporate bond asset capital charge ψC if q̄
S̄+s < ψT

• Increasing in risk aversion α and volatility σ if ρψC − ψT > − q̄
S̄+s

A calibration of the model is provided in Appendix B.3. I find that the cross-asset price impact is smaller

in magnitude than the same-asset price impact consistent with the partial transmission of shocks across

asset markets. As the securities are more correlated or the size of the supply shock increases, the cross-asset

price effect becomes larger in magnitude. The results from the calibration are thus consistent with a theory

of intermediaries’ limited risk-bearing capacity and inventory constraints.

2.7 Conclusion

Despite the liquidity and depth of the U.S. Treasury market, large auction amounts lead to significant

price impact on secondary market prices in the corporate bond prices. Corporate bond prices fall in weeks

of large Treasury auctions and then subsequently increase in the following week. This price pressure is

statistically significant and economically important. Non-price effects – order imbalance, volatility, and

market illiquidity – are consistent with the price effect and suggest that the price impact in corporate

bonds is not a mechanical result of same-asset price effects on the U.S. Treasury yield curve. I find that

this price impact can be attributed to the imperfect capital mobility of liquidity providers and the limited
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risk-bearing capacity of dealers. Overall, the set of empirical findings suggest important market spillovers

with consequences for two large important financial markets that are undergoing regulatory and structural

changes. Future work will aim to quantify the impact of these changes and more cleanly identify the source

and effect of Treasury auctions on the corporate bond market by attributing specific trades to primary

dealers and other financial intermediaries.
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Chapter 3

Variance Risk Premia in the

Cross-Section of Equity Options and

Intermediary Risk Appetite1

3.1 Introduction

The variance risk premium is the compensation required by investors as a result of the comovement

between return variance and investors’ stochastic discount factor. The extant literature has shown that

investors are compensated for variance risk across assets.2 As a result, variance has become frequently

viewed by investors as an investable asset class, especially when expressed as a liquid risk premium.3

However, the literature has found varying estimates for the price of variance risk across assets; in particular,

recent studies have shown evidence of inconsistent variance pricing between equity and option markets.4

1I thank John Y. Campbell, Sam Hanson, Andrei Shleifer, and Jeremy Stein helpful comments and discussions. This work is
supported by the National Science Foundation Graduate Research Fellowship under Grant No. DGE1144152.

2Ang et al. (2009); Drechsler and Yaron (2011); Bansal et al. (2014); Campbell et al. (2017) in equity portfolios exposed to market
and idiosyncratic variance risk; Bollerslev et al. (2014) studies priced variance risk across international equities; Bakshi and Kapadia
(2003a,b); Carr and Wu (2009); Driessen et al. (2009) in the equity options market; Mueller et al. (2012, 2016) examine the variance risk
premia in U.S. Treasury markets; Trolle and Schwartz (2009) studies priced volatility of commodity derivatives.

3For example, see Warren (2012) for a practitioner view of adding variance swaps and forward variance swaps on the CBOE
Volatility Index (VIX) to reduce total portfolio risk and/or increase portfolio returns via short volatility positions. Volatility has been
increasingly marketed as an investable asset class (e.g., Allianz Global Investors “Volatility as an Asset Class”, State Street Global
Advisors “Volatility: Investment Characteristic or an Investable Asset Class?”)

4Barras and Malkhozov (2016) rejects the null hypothesis that projections of equity and equity option market variance risk premia
onto predictive volatility and economic variables are equal.
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Specifically, while market variance is priced in the cross-sectional of equities, the evidence on whether

variance risk is priced in the cross-section of equity options is varying in magnitude and sign, and

potentially at odds with the priced variance risk in equity index options. Given that equity and equity

option markets are tightly integrated, the inconsistency of risk prices represents a challenge to rational

asset pricing: how is variance risk priced in equity and equity options markets, and why might the prices

of risk differ?

This paper first decomposes total return variance into systematic and idiosyncratic return variance

components for equity index options and the cross-section of equity options that are index constituents.

This decomposition allows us to construct model-free variance swaps to identify the price of risk on the

two components of total variance. This approach is a unique contribution to the literature and enables

us to estimate the price of risk on systematic and idiosyncratic variance. Specifically, assuming a factor

structure in returns and return variances, I construct a variance swap pricing model which is identified by

combining option price data on two equity index options written on the S&P 100 and Nasdaq-100, along

with the cross-sectional equity option data for the indices’ constituents. I estimate this pricing model at the

daily frequency from January 1996 to April 2016, and find evidence that both systematic and idiosyncratic

variance risk are priced. While systematic and idiosyncratic variances comove and are countercyclical, their

variance risk premia have opposite signs: the average dollar return from a held-to-maturity long 30-day

variance swap contract hypothetically written on a systematic return factor earns -23%, while the cross-

sectional average dollar return from a held-to-maturity long 30-day variance swap contract hypothetically

written on the idiosyncratic factor earns 9%. This paper leverages the variance decomposition and result

that systematic variance risk earns a negative risk premium while (common) idiosyncratic variance risk

earns a positive risk premium to offer a potential explanation for inconsistencies in variance risk pricing.

First, much of the variance risk literature has estimated variance risk premia from the cross-section

of equities or with equity index options. Concentrating first on the difference in pricing within option

markets, this paper verifies that individual options do not embed a negative total variance risk premium

unlike that of its underlying equities or that of options written on indices for which they are constituents.

A risk-based explanation for the pricing inconsistencies between equity options and equity index options

requires that equity options must be exposed to a risk factor that is lacking from the equity index options.

I argue that priced (common) idiosyncratic variance risk can provide an explanation for the differences

between variance pricing of equity index options and equity options (Carr and Wu, 2009; Driessen et al.,

2009): the positive price of idiosyncratic variance risk is largely hedged in equity index options, leaving

the negative price of systematic variance risk. Specifically, the price of total idiosyncratic variance risk is

approximately zero and statistically significant and hence the total variance risk premia for equity index
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options reflects entirely the systematic variance risk premia, which was estimated to be strongly negative.

On the other hand, the total variance risk premium for index constituents is smaller in magnitude (if not

positive) relative to the index because the contribution of idiosyncratic variance is larger: the average S&P

100 (Nasdaq-100) constituent has a contribution from the idiosyncratic risk factor of 0.13 (0.08) accounting

for 38% (54%) of the total total variance risk premia. Equity index options are expensive because they

hedge increases in systematic factor variances while equity options are cheap controlling for their beta

exposure to systematic factors.

Second, differences in the pricing of systematic and idiosyncratic variance risk helps to reconcile

empirical irregularities in the cross-section of equity options. di Pietro and Vainberg (2006) presents

evidence of sizable cross-sectional variation in equity option-implied variance risk premia that is not

explained by traditional risk factors, including the Fama-French factors and firm characteristics. This paper

argues that variation in idiosyncratic variance risk results in large cross-sectional heterogeneity in equity

options. Large risk-adjusted returns for sorted portfolios of equity options are eliminated once the risk

model controls for options’ loading on a (common) idiosyncratic return variance factor. Intuitively, while

equity index options load primarily onto a systematic return variance factor, equity options are exposed

to both systematic and (common) idiosyncratic return variance. For example following Goyal and Saretto

(2009), portfolio of equity options sorted on lagged log variance risk premia earn annualized returns of

7.5% with a Sharpe ratio of 1.3; however, much of the risk-adjusted abnormal returns are attributed to

equity options’ loadings on (common) idiosyncratic variance risk. Priced idiosyncratic risk is important:

while idiosyncratic returns can be diversified in portfolios, (common) idiosyncratic return variances remain

and contribute to the expected returns of option portfolios.

Third, this paper provides an explanation for why the price of variance risk estimated from equities

and options markets can differ. This paper verifies that the average variance risk premium estimated from

the cross-section of equities and equity options differ. While the inconsistency between equity options

and equity index options represents a challenge because the underlying data generating process for the

index price is the (weighted) sum of the data generating processes for individual options, the inconsistency

between equities and equity options implies that loadings on idiosyncratic variance risk may differ between

equities and options. In other words, the significance of the systematic and idiosyncratic variance risk in

the stochastic discount factor may differ when projected onto the space of equity returns versus equity

option returns. Using the Generalized Method of Moments to estimate the price of risk from test assets of

equities and options on the underlying equities shows that while the price of systematic variance risk is

estimated as negative and the price of idiosyncratic variance risk is estimated as positive in both equity

and option test assets, equity portfolio returns do not load on the idiosyncratic variance factor in such a
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way that generates systematic return differences in portfolios sorted by aggregate volatility exposure. In

contrast, option portfolio returns load onto the idiosyncratic variance factor in a monotonically increasing

fashion. The direction of factor loadings estimated from the test assets points to a potential explanation for

why total variance earns a strong negative price of risk in the cross-section of equities but a much weaker

and varying price of risk in the cross-section of options. In option returns, the loadings on idiosyncratic

variance risk work against the negative contribution due to systematic variance risk.

Fourth, what explains variation in variance risk premium? This paper proposes a potential explanation

based on financially-constrained market maker’s inventory risk. Variance risk premia on idiosyncratic risk

reflects the variances of (common) idiosyncratic returns which are imperfectly diversified on the balance

sheets of financially-constrained option market makers. While idiosyncratic movements in idiosyncratic

return variance are largely diversified over a portfolio of options, common movements in idiosyncratic

return variance remain and can become large if option market maker inventory is skewed or constraints

limit market makers’ ability to hedge variance exposure. Option market makers are sensitive to both

systematic and (common) idiosyncratic variance risk, requiring a risk premium and more so when option

vega-weighted inventory positions become larger and/or financial constraints tighten. To explore inventory

risk as a fundamental, economic reason for the heterogeneous, positive price of idiosyncratic variance risk,

this paper is the first (to our knowledge) to use a large, representative panel dataset of inventory positions

of option market makers at the option underlying level from CBOE Market Data Express Open/Close

database. Evidence from the cross-section of CBOE equity option position data shows that option market

makers’ net option positions and their risk-bearing capacity has a substantial impact on the risk premia of

the components of return variance. When inventory risk increases by 1%, variance risk premia increases

in response by nearly 80 basis points. This effect is magnified when market makers face tighter financial

constraints: holding fixed inventory risk, tighter constraints increase the variance risk premia by an

additional 90 basis points where financial constraints are proxied for by broker-dealer leverage (Adrian

et al., 2014). As expected, the effect in equity option-implied variance risk premia appears predominantly

through (common) idiosyncratic return variance. Intuitively, as the market maker absorbs net buying

pressure, market makers become net sellers, and their inventory risk becomes higher. Since market

makers face financial constraints, they are effectively risk-averse and demand a higher risk premium as

compensation. Because variance is countercyclical, option market makers incur losses when their marginal

utility is highest and their financial constraints bind most tightly – market makers’ required compensation

is higher, resulting in an even higher variance risk premia. This paper shows that the cross-sectional

heterogeneity in both systematic and idiosyncratic variance risk prices is driven by option market makers’

inventory levels. The distribution of market maker’s inventory of single name options is negatively skewed

120



with larger distribution towards net positive inventory and hence a positive price of idiosyncratic variance

risk.

In sum, this paper shows that the decomposition of total variance risk into its systematic and idiosyn-

cratic variance risk provides a natural explanation for variance risk prices across equities, equity options

and equity index options. Variation in idiosyncratic variance risk in the cross-section of equity options

is driven by the volatility risk of option market makers’ inventories. Hence, while a neoclassical rational

asset-pricing theory explains the variance price inconsistencies across equities and options as a result of

the positive price of risk for idiosyncratic variance risk, a behavioral view of constrained market makers

underlies movements in variance risk prices itself. This paper provides further evidence of the key role

played by financial intermediaries in option markets following Gârleanu et al. (2009); Chen et al. (2016).

The implications are important: to the extent that option prices are reflective of local market demand and

supply forces in addition to economic fundamentals, variance risk premia estimated from equity options

and equity index options may be biased away from the variance risk premia implied by underlying equities.

For example, recent concerns about low implied stock volatility from the CBOE Volatility Index (VIX) may

be more reflective of the changing nature of intermediation and option demand rather than of market risk

or uncertainty.5

This paper is related to several strands of literature. First, an extensive literature examines market

variance risk in the equity market and suggests a negative price of risk for market-wide volatility.6 In the

options market, Bakshi and Kapadia (2003a); Carr and Wu (2009) provide additional evidence of a negative

price of volatility risk using S&P 500 index options. However, the literature has also presented puzzling

evidence that the volatility risk premium implicit in individual options do not coincide with the premium

implied by index options. Using a sample of 25 equity options, Bakshi and Kapadia (2003b) shows that the

individual equity option prices embed a negative market volatility risk premium that is drastically smaller

than for the index option. Driessen et al. (2009) argues that equity option prices are largely orthogonal to

the part of systematic volatility priced in the cross-section; in contrast, the authors argue index options are

over-priced as a result of correlation risk. Additional attempts to cross-sectionally identify a negative price

of market volatility risk in the cross section of options prices have yielded conflicting conclusions.7 This

5See for example the Bloomberg article titled “Now Even the Fed’s Worried That
Stock Volatility Is Too Low” https://www.bloomberg.com/news/articles/2017-02-22/
now-even-the-fed-s-worried-that-stock-volatility-is-too-low.

6Investors accept lower expected returns on stocks that hedge increases in market volatility. Ang et al. (2009); Drechsler and Yaron
(2011); Bansal et al. (2014); Campbell et al. (2017) show evidence of market-wide volatility risk in the cross-section of equity returns.
Ang et al. (2009) also provides evidence on the pricing of idiosyncratic variance risks in addition to market or systematic variance risk.

7di Pietro and Vainberg (2006); Da and Schaumberg (2011) find opposite signs for the price of volatility risk estimated in the
cross-section of option-implied variance swap returns.
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paper sheds new light on the differential pricing of systematic and idiosyncratic variance risk in an attempt

to reconcile these apparent differences in variance risk premia estimated from equity, index options and

equity options.

In recent work, Barras and Malkhozov (2016) compare the variance risk premium implied by the

cross-section of stock returns with that implied in the cross-section of option returns and finds that the

difference in variance risk premia between the two markets depends on the risk-bearing capacity and

leverage of financial intermediaries. In contrast, this paper uses a unique option demand dataset that

allows for a complementary argument based on the differences in systematic and idiosyncratic variance

risk, demand effects and inventory volatility risk in addition to the financial strength of intermediaries.

Second this paper is related to the demand-based option pricing literature. Bollen and Whaley (2004)

shows that changes in option implied volatility are correlated with signed option volume; Gârleanu et al.

(2009) model demand effects with heterogeneous investors and examines the level of end user demand for

options and the level and overall shape of implied volatility curves.8 More recently, Adrian and Shin (2010)

and Chen et al. (2016) show how the behavior of financial intermediaries drives option prices as a result

of leverage or other financial constraints. While this paper relies on similar demand-based arguments, in

contrast, this paper aims to disentangle the sources of risk premia and their relationship to investor demand:

investors’ aggregate exposure to the idiosyncratic component of variance risk is the key determinant of

volatility risk in the cross-section of option returns.

The remainder of the paper is organized as follows. Section 3.2 describes the factor structure model in

equity returns and covariances, and presents a decomposition of variance risk premia. Section 3.3 describes

the data used to construct the index and equity option variance risk premia, and decompose the total

premia into its systematic and idiosyncratic components. Section 3.4 presents the results from the variance

risk decomposition. This section describes the time-series and cross-sectional behavior of systematic and

idiosyncratic variance risk and examines the pricing of these components in the cross-section of option

returns. Last, this section estimates the price of systematic and idiosyncratic variance risk implied from

test assets of equity and equity options. Section 3.5 examines a potential explanation of the the variance

risk decomposition results in Section 3.4 from the perspective of option market makers facing inventory

risk constraints. This section presents empirical evidence and a simple theory on the relationship between

variance risk premia and intermediary risk appetite. Section 3.6 concludes.

8Specifically, Gârleanu et al. (2009) shows that option end users tend to have a net long SPX option position and a short
equity-option position. These positions explain the relative expensiveness of index options. Furthermore the strong downward skew
in the net demand of index but not equity options explains the difference in the shapes of overall implied volatility curves.
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3.2 Empirical framework for the pricing of variance risk

The empirical irregularities and differences in total variance risk premia across equities, index options

and equity options found in the literature suggests insights may be gained by pricing variance swaps and

measuring the risk premia on each component of return variance. This model decomposes the variance risk

premium into its systematic and idiosyncratic components by assuming a factor structure in equity returns.

Identification in the decomposition is obtained via arbitrage-free pricing of variance swaps written on

components of total equity return variance for the index constituents and the equity indices. This pricing

of variance swaps on the components results in estimates of the risk premia of systematic and idiosyncratic

variance risk.

3.2.1 A decomposition of the variance risk premium

Given N risky assets in the economy, assume that the asset price Pn,t for any n = 1, . . . , N follows a

factor structure.

Assumption 3.1. Asset prices Pn,t follows a factor structure with ns systematic factors, Ft =

(
F1,t, . . . Fns ,t

)′
with

dFt = Σ1/2
t dZt under the risk-neutral measure Q.

Then the instantaneous excess return of risky asset n under the risk-neutral measure Q is given by:

dPn,t

Pn,t
− r f ,tdt = β′n,tΣ

1/2
t dZt + (Σε

n,t)
1/2dZε

n,t

where r f ,t is the instantaneous risk-free interest rate, βn,t is the ns dimensional vector of factor loadings, Σt

is the ns × ns volatility matrix of systematic factors Ft, and Σε
n,t is the volatility matrix of the idiosyncratic

factor. Zt and {Zε
n,t} standard Brownian motions.9 For a given index Im,t with m = 1, . . . , M and index

weights wn,m,t over the N risky assets, the instantaneous index excess return under Q is given by:

dIm,t

Im,t
− r f ,tdt =

(
N

∑
n=1

wn,m,tβn,t

)
Σ1/2

t dZt +
N

∑
n=1

wn,m,t(Σε
n,t)

1/2dZε
n,t

= β′I,m,tΣ
1/2
t dZt +

N

∑
n=1

wn,m,t(Σε
n,t)

1/2dZε
n,t

The variance of asset returns dPn,t
Pn,t

and index returns dIm,t
Im,t

is the sum of the systematic and idiosyncratic

variance components for the asset or index, respectively, and is given by:

σ2
n,t = β′n,tΣtβn,t + Σε

n,t (3.1)

9Take the common assumption that idiosyncratic return factors are independent across assets, dZε
n,tdZε

m,t = 0, ∀m 6= n, and with
the systematic factor returns, dZtdZε

n,t = 0.
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σ2
I,m,t = β′I,m,tΣtβ I,m,t +

N

∑
n=1

w2
n,m,tΣ

ε
n,t (3.2)

Following Carr and Wu (2009); Driessen et al. (2009), define the instantaneous variance risk premia

on asset n and index m by VRPn,t ≡ EPt [dσ2
n,t]−E

Q
t [dσ2

n,t] and VRPI,m,t ≡ EPt [dσ2
I,m,t]−E

Q
t [dσ2

I,m,t], with

P the physical probability measure. Given the decomposition in (3.1) and (3.2), the model explicitly

assumes that priced variance risk has two components: a variance risk premia due to the systematic

factors, VRPt ≡ EPt [dΣt]−E
Q
t [dΣt], and a variance risk premia due to asset n’s idiosyncratic return factor,

VRPε
n,t ≡ EPt [dΣε

n,t]−E
Q
t [dΣε

n,t].

Proposition 3.1. Assuming a factor structure in returns of (3.1) and (3.2) and deterministic factor exposures βn,t,

yields a linear factor structure of variance risk premia:

VRPn,t = β′n,tVRPtβn,t + VRPε
n,t (3.3)

VRPI,m,t = β′I,m,tVRPtβ I,m,t +
N

∑
n=1

w2
n,m,tVRPε

n,t (3.4)

Proposition (3.1) shows that the total risk premium of an asset is the linear combination of the systematic

variance risk premia due to loading on common factors, and an idiosyncratic variance risk premia. In

particular, the variance risk premium of an index (3.4) will tend to have a particularly large loading on the

systematic variance risk premia as the index beta loadings on the systematic factor are likely to be much

larger than the individual weights of an asset in the index.10

Combining (3.3) for all index constituents and (3.4) for all indices yields a linear system of N + M

equations in N + ns unknowns VRPt and {VRPε
n,t} which can be solved given the observed variance risk

premia on the assets and indices, VRPn,t and VRPI,mt respectively, factor exposures βn,t and constituent

weights wn,m,t as long as the number of indices M sufficiently exceeds the number of systematic factors

ns underlying the factor structure of asset returns. That is, variance risk premia of equities and indices

are linked to systematic and idiosyncratic premia with differing weights themselves dependent on known

functions of exposure to return factors and weights in the index. Therefore given the variance risk premia

on equities, VRPn,t and on indices VRPI,m,t, the systematic and idiosyncratic variance risk premia can

10The model explicitly acknowledges (priced) idiosyncratic variance risk but does not specify parametric dynamics. First,
idiosyncratic volatility can predict future aggregate market returns. Campbell et al. (2001) examine secular variation in average
idiosyncratic return volatility and show return variances are time-varying and related to market variance. Goyal and Santa-Clara
(2003) find that average idiosyncratic volatility predicts aggregate market excess returns; Ang et al. (2009) show stocks with high
idiosyncratic volatility earn abnormally low average returns. In the context of the the model, this implies that Σε

n,t earns a risk premia
as a result of its correlation with systematic risk, Zt, or a common idiosyncratic risk within Zε

n,t. Specifically, idiosyncratic risk Zε
n,t

may itself follow a factor structure with common idiosyncratic variance factors correlated with Σt or Zt and a truly idiosyncratic
return variance:

dΣε
n,t = βε

n,tdG (Σt, Zt) + dZν
n,t

Second, beyond the factor structure in Assumption (3.1), no parametric dynamics are specified for dΣε
n,t and the model relies on a

fully non-parametric approach to estimate the idiosyncratic risk premia component.

124



be inferred. Specifically, assuming that return factors are uncorrelated, identification of systematic and

idiosyncratic risk premia is obtained as long as M ≥ ns; the assumption of uncorrelated return factors

provides the least burdensome data requirement since the necessary condition becomes M ≥ ns(ns + 1)/2

when return factors are correlated.

3.2.2 Model-free implied variances and variance swaps

The risk-neutral expected integrated variance of the return on asset n over some maturity τ beginning

at t is given by:

IVn,t =
1
τ

E
Q
t

[∫ t+τ

t
σ2

n,udu
]

IVI,m,t =
1
τ

E
Q
t

[∫ t+τ

t
σ2

I,m,udu
]

Following Britten-Jones and Neuberger (2000) and Carr and Wu (2009) I estimate the risk-neutral expected

integrated variance, IVt from the cross-section of options on the underlying equity n or index m. This

procedure gives the correct estimate of the option-implied integrated variance over the option maturity

when prices are continuous but volatility is stochastic in contrast to the Black-Scholes implied volatility;

furthermore, Jiang and Tian (2005) show that the method yields an accurate measure of total risk-neutral

expected integrated variance when the underlying returns follow a jump diffusion. Specifically, Britten-

Jones and Neuberger (2000) shows that the risk neutral expected integrated variance IVn,t is equal to the

model free implied variance:

IV·,t =
2
τ

∫ ∞

0

Θt(K, τ)

Bt(τ)K2 dK

with Bt(τ) the present value of a zero-coupon bond paying one dollar at t + τ and Θt(K, τ) the time-t value

of an out-of-the-money option with strike price K > 0 and maturity t + τ. Computing the forward price of

an European option of strike K and maturity τ using the Black (1997) formula,

Θt(K, τ)

Bt(τ)
=


FtN (d+)− KN (d−), for K > Ft

−FtN (−d+) + KN (−d−), for K ≤ Ft

(3.5)

with d+ =
(
ln Ft/K + σ2τ/2

)
/(σ
√

τ) and d− = d+ − σ
√

τ, the implied variance is given by:

IV·,t =
2
τ

[∫ 0

−∞

(
−e−kN (−d+(k)) +N (−d−(k))

)
dk +

∫ ∞

0

(
e−kN (d+(k))−N (−d−(k))

)
dk
]

(3.6)
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for moneyness k ≡ ln K/F, d+ =
(
−k + σ2τ/2

)
/(σ
√

τ) and d− = d+ − σ
√

τ.11 Note that the value does

not depend directly on the spot or forward price, but only on the moneyness level k and the implied

volatility at each moneyness level k.

Carr and Wu (2009) establish that the difference between the model-free implied variance and the

realized variance can be used to estimate the variance risk premium:

VRP·,t ≡ EPt

[∫ t+τ

t
dσ2
·,udu

]
−E

Q
t

[∫ t+τ

t
dσ2
·,udu

]
= RV·,t − IV·,t (3.7)

The annualized realized variance can be estimated as:

RV·,t =
365
τ

τ∆

∑
i=1

(
ln

Pn,t+i

Pn,t+i−1

)2

with ∆ denoting the sampling frequency (i.e., ∆ = 1 if daily, ∆ = 24 if hourly).12 This variance risk

premium is also the payoff of a variance swap contract written on the underlying asset since the contract

at maturity pays the realized variance RV·,t over a fixed horizon net of a premium. This premium is the

no-arbitrage variance swap rate, VS·,t, set such that the contract has zero net market value at contract

initiation. Importantly, this variance swap rate is simply the model-free implied variance:

VS·,t =
1
τ

E
Q
t

[∫ t+τ

t
σ2
·,udu

]
= IV·,t (3.8)

(3.8) implies that (3.6) can be used to synthetically create variance swaps from the cross-section of strikes.

Then given {VS·,t} computed from (3.6), I can construct total variance risk premia following (3.7) and infer

systematic and idiosyncratic variance risk premia following (3.3) and (3.4).13 Under certain assumptions

about the factor loading and index weights, variance swaps on equities and indices follow a factor structure

as well. Given no arbitrage, the variance swap rate on a synthetic asset exposed only to an asset’s systematic

and idiosyncratic risk can be inferred. This argument is analogous to the inference of systematic and

idiosyncratic variance risk premia.

Proposition 3.2. Define the total variance swap rate on asset n as VSn,t =
1
τ E

Q
t

[∫ t+τ
t σ2

n,udu
]
, the index variance

swap rate of m as VSI,m,t =
1
τ E

Q
t

[∫ t+τ
t σ2

I,m,udu
]
, the systematic variance swap rate as VSt =

1
τ E

Q
t

[∫ t+τ
t Σudu

]
11Two issues of estimation. First, Jiang and Tian (2005) show that the integral over a continuum of strikes is accurately approximated

by a sum over a finite number of strikes. Second, while index options are have a European-style exercise, equity options are American-
style. However, for short-maturity options, the early exercise premium is typically negligible. Driessen et al. (2009) find the early
exercise premium of options with remaining maturities between 14 and 60 days is small – roughly 0.3% to 1.1% of the 1-month option
price.

12A small difference exists between the realized variance and the risk-neutral integrated variance due to the difference between
continuous monitoring and discrete monitoring; however as the sampling frequency ∆ increases, this difference decreases.

13The actual calculation of realized variance in variance swap contracts can vary. Term sheets of variance swaps vary on how the
realized variance is calculated: whether to use log returns or percentage returns, whether to demean the returns or not, and whether
to use an actual/365 or a business days/252 day-count convention.
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and the idiosyncratic variance swap rate as VSε
n,t = 1

τ E
Q
t

[∫ t+τ
t Σε

n,udu
]
. Assuming constant index weights

and factor exposures over the variance swap contract (i.e., wn,p,s = wn,p,t, βn,s = βn,t, β I,m,s = β I,m,t for any

s ∈ [t, t + τ]), then stock and index variance swap rates exhibit a linear factor structure:

VSn,t = β′n,tVStβn,t + VSε
n,t (3.9)

VSI,m,t = β′I,m,tVStβ I,m,t +
N

∑
n=1

w2
n,m,tVSε

n,t (3.10)

As before with variance risk premia, given the variance swap rate on equities and indices calculated

using (3.8) from the cross-section of option prices, and the factor loadings and index weights, a N + M linear

system can be constructed in N + ns unknowns, VSt and {VSε
n,t}. Under the assumption of orthogonal

factors, if M ≥ ns then the system is perfectly identified and VSt and {VSε
n,t} can be inferred from inverting

the linear system.

3.3 Data and decomposition methodology

To ensure identification of the variance contributions of systematic and idiosyncratic return factors, I

examine data on two stock market indices with sufficient variability in risk and return over the sample

period January 2, 1996 to April 29, 2016. Specifically, I examine the S&P 100 (OEX) and Nasdaq-100 (NDX)

stock indices. The OEX represents a subset of S&P 500 stocks tracking primarily large-cap blue-chip firms

across multiple industry groups; the NDX, in contrast, invests in large, non-financial companies listed on

the Nasdaq exchange which results in the inclusion of several non U.S.-incorporated firms, an overweight

on technology industry and underweight on financials. These two indices are a natural choice for three

reasons. First, these two indices have sufficiently different sector focus and inclusion criteria to generate

variation needed to identify the common systematic factors Ft. Second, liquid options on the indices as

well as their constituents are available. This is important since synthetic variance swaps are constructed

from the cross-section of option prices.14 Third, the (relatively) small number of index constituents implies

a smaller data burden on the analysis: at its peak OEX (NDX) had 103 (107) constituents reflecting different

shares classes as part of the index.15

14Variance swap contracts are traded over-the-counter and are associated with high bid-ask spreads and generally illiquidity. While
swap rate quotes are available through broker-dealers, this data is prohibitively expensive. I follow the literature (see Demeterfi et al.
(1999) and Carr and Wu (2009)) and analyze variance swaps using synthetic variance swaps which should be similar to actual prices
given efficient arbitrage.

15Note that althgouth there may be companies represented by two share class lines in the index, not all share classes are included
in the index. Specifically, Google Inc. (GOOG/GOOGL), Comcast Corp. (CMCSA/CMCSK), and Twenty-First Century Fox Inc.
(FOXA/FOX) have additional listed share class lines in the S&P 100 index as of January 2016 since the second share class lines meet
all liquidity and float criteria of the index. In contrast, the S&P 100 index does not list Berkshire Hathaway Inc’s second share class
due to turnover and liquidity concerns. As a result, the index consolidates the share count only under the B share class line (BRK.B).

127



Both the OEX and NDX are (modified) market capitalization weighted indices with quarterly and yearly

rebalancing, respectively. Rather than constructing historical weights following the indices rebalancing

schedule and or conditional rebalancing rules, index constituent weights are computed using market

values each day based on end-of-day stock prices from CRSP. While this methodology will introduce a

small discrepancy between actual index weights and the daily constructed weights, given the number of

companies in the indices, any such discrepancy due to continuous rebalancing should be small and can be

neglected to a first order approximation. In the cases of dual share class lines in the index, I follow the

index methodology: specifically, weights of companies with dual share classes lines will be distributed

between the two lines representing the company in the index. As a result, market capitalization is measured

at the company level.

The options data are from OptionMetrics’ IvyDB, which provides a historical volatility surface imputed

from prices of options based on closing quotes at the Chicago Board of Options Exchange. Implied

volatilities for standardized option contracts at a wide range of moneyness levels are provided by applying

a kernel smoothing program to traded option prices; when there are an insufficient number of option data

points available – at least three strikes at each of the two nearest maturities – then the interpolation fails and

no implied volatility data is available to construct the synthetic swap rate on that date. While index options

on OEX and NDX are European options on the spot index, options on individual stocks are all American

options on the underlying spot. The historical volatility surface reports the Black-Scholes implied volatility

directly inferred from the Black-Scholes option pricing formula for European options, and an early-exercise

premium adjusted implied volatility from a binomial tree approach for American options. Specifically, this

paper chooses a 30-day horizon for the synthetic variance swap rates.16 For each date and asset, I first

extract the implied volatilities for one-month options and construct a fine grid of 2,000 implied volatilities

points with a strike range of ±8 standard deviations (approximated by the average implied volatility) from

the current spot price. From the implied volatility grid, out-of-the-money option prices are computed using

the Black-Scholes formula and the variance swap rate is replicated by the discretization of (3.6). Risk-free

rates at one-month maturity (interpolated when necessary) are obtained from OptionMetrics.

Corresponding to the 30-day synthetic variance swap rate, the 30-day realized variance is computed as

(3.2.2) using intraday equity trades in fifteen-minute intervals from NYSE Trade and Quote (TAQ) database.

The calculation of realized variance is computed over the same period as the implied volatility. Equation

(3.2.2) is further adjusted along two dimensions: first, a two-step asymptotic variance estimator following

Aït-Sahalia et al. (2011) is used to deal with microstructure noise, and second, this two-step estimator is

16The focus on short-maturity options allows us to focus on the most liquid segment of the options market and to reduce the
impact of an early exercise premium for American-style options.
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modified for a small-sample adjustment. When this estimator cannot be constructed due to data limitations,

I use the daily end-of-day returns from CRSP for index constituents and from OptionMetrics for equity

indices to compute the realized variance. In the latter case, there is potentially a non-negligible difference

between the realized return variance and the estimated return variance due to daily monitoring and

continuous monitoring. Details are in Appendix C.1.3. All implied variances and realized variances are

computed over a 30-day maturity and annualized by multiplying by twelve.

Given the realized variance and implied variance (swap rate) for index constituents and indices, I

estimate the systematic and idiosyncratic variance swap rates and risk premia according to (3.9), (3.10),

(3.3), and (3.4). Time-varying factor loadings are estimated assuming two orthogonal factors obtained

with latent factor analysis using quasi-maximum likelihood and varimax rotation on the cross-section of

constituent and index returns. Given index weights w·,t and factor loading β·,t I can invert the N + M

linear system of equations in variance swap rates or risk premia. This inversion results in a time series of

variance swap rates and variance risk premia for the systematic and idiosyncratic return factors. Detailed

estimation procedures are in Appendix C.1.5.

3.4 Pricing of variance risk

This section establishes a series of stylized facts about the time-series and cross-sectional characteristics

of total, systematic and idiosyncratic variance swaps and risk premia over the sample from January 4,

1996 to April 29, 2016 for two equity indices, S&P 100 and Nasdaq-100, and their equity constituents. The

decomposition shows that (common) idiosyncratic variance is an important risk factor needed to explain the

cross-section of equity option returns. Moreover, test assets of equities and equity options load differently

on the idiosyncratic variance risk factor leading to differences in the price of variance risk estimated from

equities and equity options.

Table 3.1 reports the summary statistics of the annualized realized variance (RVt) and synthetic variance

swap rate (VSt) for the two sample indices, S&P 100 (OEX) and Nasdaq-100 (NDX), and their equity con-

stituents. A comparison across Panel A and Panel B of Table 3.1 shows that the time-series sample averages

of the variance swap rates on index options is higher than the average realized variance foreshadowing

the negative price of variance risk in index options; in contrast, in the cross-section of equity options, the

average realized variance is higher than the variance swap rate. Both realized variances and variance swaps

are persistent – the persistence of realized variances is due to the overlapping nature of estimation windows

while the persistence of variance swaps reflects the persistence of the return variance process – and show

positive skewness and positive kurtosis on average.
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Table 3.1: Descriptive statistics of realized variance, variance swap rate, and variance risk premia

This table reports the summary statistics for the realized variance (Panel A), variance swap rate (Panel B), and three definitions of the
variance risk premia (Panel C-Panel E) for equity indices OEX and NDX, and their underlying constituents over the entire sample
period, January 4, 1996 to April 29, 2016. Three definitions of variance risk premia are presented: the difference between the realized
variance and the variance swap rate in Panel C, the log difference in Panel D and the percent difference in Panel E. Columns under N,
Mean, StdDev, AC, Skew, Kurt report the sample average, standard deviation, daily autocorrelation, skewness, and excess kurtosis,
respectively; AC in Panels C, D and E refer to average non-overlapping 30-day autocorrelation. Columns under t report the t-statistics
of the mean adjusted for heteroskedasticity and autocorrelation consistent (HAC) estimation of the covariance matrix. The last column,
SR, reports the annualized Sharpe ratio of shorting the 30 day variance swap contracts, computed as the mean of − ln (RV·,t/VS·,t) in
Panel D or (RV·,t −VS·,t) /VS·,t in Panel E divided by its respective HAC standard deviation and then annualized by multiplying by√

365/30.

Panel A: Realized Variances, RV·,t × 100
N Mean StdDev AC Skew Kurt t SR

OEX 2.80 3.75 0.99 3.65 20.50 - -
NDX 6.34 8.32 0.99 3.42 18.86 - -
All Equity 516 25.17 31.42 0.97 2.75 17.89 - -
OEX Equity 204 11.47 20.25 0.98 3.28 22.12 - -
NDX Equity 344 32.21 37.04 0.97 2.46 15.20 - -

Panel B: Variance Swap, VS·,t × 100
N Mean StdDev AC Skew Kurt t SR

OEX 3.45 3.41 0.97 4.18 31.19 - -
NDX 7.24 7.21 0.99 1.93 6.77 - -
All Equity 522 21.35 13.38 0.93 2.23 13.14 - -
OEX Equity 205 11.14 10.26 0.95 2.81 18.45 - -
NDX Equity 350 26.68 15.07 0.93 1.90 9.78 - -

Panel C: Variance Risk Premia, (RV·,t −VS·,t)× 100
N Mean StdDev AC Skew Kurt t SR

OEX -0.65 2.87 0.16 1.40 19.03 -2.83 -
NDX -0.91 5.87 0.27 3.92 36.89 -1.54 -
All Equity 516 3.43 50.51 0.10 0.89 21.38 1.41 -
OEX Equity 204 0.21 27.24 0.16 0.77 27.68 0.11 -
NDX Equity 344 4.88 58.28 0.09 0.94 17.40 1.41 -

Panel D: Variance Risk Premia, ln (RV·,t/VS·,t)
N Mean StdDev AC Skew Kurt t SR

OEX -0.44 0.60 0.23 0.60 3.45 -7.10 0.35
NDX -0.30 0.55 0.25 0.72 4.31 -4.91 0.24
All Equity 516 -0.29 0.32 0.14 0.37 4.74 -19.27 0.48
OEX Equity 204 -0.35 0.19 0.21 0.51 4.88 -28.86 0.61
NDX Equity 344 -0.27 0.37 0.14 0.29 4.75 -11.88 0.39

Panel E: Variance Risk Premia, (RV·,t −VS·,t) /VS·,t
N Mean StdDev AC Skew Kurt t SR

OEX -0.21 0.62 0.11 2.78 12.94 -4.20 0.20
NDX -0.12 0.70 0.14 4.64 36.96 -1.79 0.09
All Equity 516 0.46 11.34 0.11 2.65 19.51 0.93 0.42
OEX Equity 204 -0.16 0.40 0.16 2.96 20.64 -5.95 0.53
NDX Equity 344 0.77 13.88 0.11 2.49 18.59 1.03 0.35
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If investors price variance risk, then the sample averages of the realized variance will differ from the

average variance swap rate. Table 3.1 reports the statistics of the difference between the realized variance

and the variance swap rate (RVt − VSt) in Panel C, the log difference (ln(RVt/VSt) in Panel D, and the

percentage difference ((RVt −VSt)/VSt) in Panel E. These definitions of the variance risk premia represent

three ways of computing returns for variance swap investments. The variance risk premia across these

definitions show large kurtosis and sometimes large skewness. The skewness and kurtosis are much smaller

for the log variance risk premia. The sample averages of the variance risk premia are negative for the equity

indices OEX and NDX. t-statistics on the index risk premia calculated adjusting for serial dependence

and heteroskedasticity suggests that the negative risk premia is robust: investors are willing to accept a

significantly negative average return to hold long variance swaps on the S&P 100 and Nasdaq-100 indices.

In contrast, the cross-sectional average risk premia in equity options is mixed. Panel C suggests that the

risk premia is positive although this estimate is not statistically significant at the 10% confidence interval;

the difference represents the average dollar profit and loss for each $100 notational investment in the

variance swap contract. Panel D shows the variance risk premia calculated as the continuously compounded

excess return to holding a long variance swap contract to maturity assuming the variance swap rate is the

forward cost of the variance swap contract. In this interpretation, the variance risk premia is statistically

significantly negative which aligns itself with the negative variance risk premium estimated from equity

index options; however, the cross-sectional average equity variance risk premium is still larger than that

of the index (−0.35 compared to OEX’s −0.44 and −0.27 compared to NDX’s −0.30). Panel E reports

the average percentage dollar profit for each dollar notional investment in the variance swap contract; in

this calculation, while OEX equity constituents maintain a negative price of risk, NDX constituents earn a

statistically insignificant positive price of risk.17

Figure 3.1 plots the time series of index variance risk premia (in Panel A) and log variance risk premia

(in Panel B) for OEX and NDX. On average, the variance risk premia is negative as suggested by the

summary statistics presented in Table 3.1; however, large spikes occur around periods of market stress,

namely the Dot-com bubble ending in 2001 and the Global Financial Crisis. These periods of unexpectedly

high realized market volatility generates positive returns from variance swaps and yields a positive estimate

17The definitions of variance risk premia represent different ways of computing returns for variance swap investments. Panel C
shows that the average equity dollar profit from a held-to-maturity long portfolio of 30-day variance swap contracts on OEX and
NDX constituents with $100 notional is $3.43. In Panel D, taking the variance swap rate as the forward cost of the variance swap
contract, the average excess return is -29% for the average long variance swap contract on index constituents if held to maturity. In
Panel E, the average equity dollar return from a held-to-maturity long portfolio of 30-day variance swap contracts on OEX and NDX
constituents is 46%. Note that the differences in calculations arise from scaling: while Panel C and E regard the $100 notional as the
initial investment, Panel D computes the return from the forward cost or variance swap rate of $21.35 as the average initial investment.
Therefore, for the same dollar profit, calculation using the variance swap as the forward cost suggests that equity options with a
smaller implied variance swap rate have a significantly larger negative return.
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of the index variance risk premia. Figure 3.1, Panel C plots the time series of average index constituent

variance risk premia. Consistent with the summary statistics in Table 3.1, there is no clear pattern in average

risk premia as it hovers around zero, and is indeed positive for longer periods of time.

Taken together, these results on the total variance risk premia estimated from equity and equity index

options are consistent with previous findings in the literature. Carr and Wu (2009) and Driessen et al.

(2009) find that variance risk premia on equity index options are strongly and statistically significantly

negative; Driessen et al. (2009) further finds that average variance swap returns on S&P 100 constituents

are marginally positive but statistically insignificant. Over this longer sample period, both OEX and

NDX constituents have a statistically insignificant price of risk but have signs that are dependent on

the construction of the variance swap return. Indeed while shorting variance swap contracts on both

indices generates a significantly positive annualized Sharpe ratio (0.35 for OEX and 0.24 for NDX), the

profitability of such a trading strategy is even larger for short variance swaps on equities (average 0.61

for OEX constituents and 0.39 for NDX constituents). The annualized Sharpe ratio is calculated as the

sample mean of the log excess return (ln(RVt/VSt)) or percent excess return ((RVt −VSt)/VSt) divided by

its standard deviation and annualized.18

The large cross-sectional variation in variance risk premia and the differences in risk pricing between

equity index and equity options suggests that options earn a combination of risk premia that reflect both

compensation for systematic variance risk and idiosyncratic (common or stock-specific) variance risk.

3.4.1 Decomposition of variance risk

Variance swaps and variance risk premia display a factor structure consistent with the assumption

of a factor structure in equity returns taken in Section 3.2. Commonality in the cross-section of equity

option variance swap rates is high: a single factor explains 44% of variation in individual equity option

variance swap rates while adding the next two factors explaining the largest proportion of variance explains

a cumulative 86% of the total variation. Moreover, these factors help capture variance movements in the

cross-section of equity options that are distinct from variation in equity index option variance. Regressing

the variance swap rate of OEX (NDX) on the scores of the three factors which explain the most variation

only yields a R2 of 0.468 (0.777) such that almost a half (third) of index variance swap variation is left

unexplained by the three factors which explain 86% of variation in the cross-section of equity options.

Similarly, there is a factor structure in variance risk premia as well: a single factor explains 46% of variation

18These Sharpe ratios are unlikely to reflect realized profitability since synthetic variance swap rates do not reflect the availability of
swap quotes or bid-ask spreads; moreover the low average non-overlapping 30-day autocorrelation of variance risk premia suggest that
investors have priced return variance predictability into options, leading excess returns on synthetic variance swaps to be significantly
less predictable.
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Figure 3.1: Time series of variance risk premia

This figure plots the time series of index variance risk premia, index log variance risk premia, and the cross-sectional average equity
variance risk premium of index constituents. Panel A (Panel B) plots the (log) variance risk premium defined as VRP·,t = RV·,t − IV·,t
(log RV·,t − log IV·,t). Panel C plots the cross-sectional average equity variance risk premium over index constituents.
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in the cross-section of equity option variance swap returns and the next two factors explain a cumulative

89% of total variation.

Table 3.2 presents the summary statistics of the variance swap and variance risk premia for each

component of total variance – two systematic return factors (VSt and VRPt), and the idiosyncratic return

(VSε
·,t and VRPε

·,t) – which follows from Propositions 3.1 and 3.2. Panel A of Table 3.2 shows that the variance

swap rate on the systematic factors are much lower than the average idiosyncratic factor. Decomposed

variance swaps show time-series dynamics: Figure 3.2, Panel A shows that systematic variance swap rates

increase during periods of financial stress in our sample, namely the Dot-com bubble ending in 2001, and

the Global Financial Crisis ending in 2009. While the variance swap rate on the first systematic factor

captures movement in index swap rates in 2009, the variance swap rate on the second systematic factor

has a higher correlation to index swap rates during 2001 suggesting different mechanisms underlying the

Dot-com crash and the financial crisis. Figure 3.2, Panel B and Panel C plot variance swap rates on the

index (OEX in Panel B, NDX in Panel C) against the index-weighted average rate of the index constituents.

While constituent and index variance swap rates co-move strongly, the idiosyncratic variance swap rate

(difference between the two plots) is time-varying and imperfectly correlated with index swap dynamics.

Table 3.2: Descriptive statistics of systematic and idiosyncratic variance

This table reports the summary statistics for decomposition of variance swap rate (Panel A) and risk premia (Panel B) into its

systematic (Systematic Factor 1 VS(1)
t or VRP(1)

t and Systematic Factor 2 VS(2)
t or VRP(2)

t ) and the cross-sectional average idiosyncratic
variance component (VSε

·,t or VRPε
·,t) for all constituents and each of the index constituent over the entire sample period, January 4,

1996 to April 29, 2016. This decomposition follows from Propositions 3.2 and 3.1. Columns under N, Mean, StdDev, AC, Skew, Kurt
report the sample average, standard deviation, daily autocorrelation, skewness, and excess kurtosis, respectively; AC in Panels B refer
to average non-overlapping 30-day autocorrelation. Columns under t report the t-statistics of the mean adjusted for heteroskedasticity
and autocorrelation consistent (HAC) estimation of the covariance matrix.

Panel A: Decomposed Variance Swap, VS·,t × 100
Mean StdDev AC Skew Kurt t

Systematic Factor 1 (VS(1)
t ) 2.53 3.29 0.97 4.75 36.88

Systematic Factor 2 (VS(2)
t ) 1.99 2.20 0.99 2.11 7.53

All Equities: Idiosyncratic Factor (VSε
·,t) 9.70 11.32 1.00 1.63 5.46

OEX Constituents: Idiosyncratic Factor (VSε
·,t) 5.58 7.96 0.99 2.69 13.76

NDX Constituents: Idiosyncratic Factor (VSε
·,t) 13.81 15.93 1.00 1.70 5.78

Panel B: Decomposed Variance Risk Premia, (RV·,t −VS·,t) /VS·,t
Mean StdDev AC Skew Kurt t

Systematic Factor 1 (VRP(1)
t ) -0.23 0.66 0.15 2.68 12.11 -4.14

Systematic Factor 2 (VRP(2)
t ) -0.01 0.20 0.22 4.79 41.77 -0.54

All Equities: Idiosyncratic Factor (VRPε
·,t) 0.09 0.55 0.05 5.86 88.59 3.44

OEX Constituents: Idiosyncratic Factor (VRPε
·,t) 0.13 0.57 0.08 1.90 14.13 5.33

NDX Constituents: Idiosyncratic Factor (VRPε
·,t) 0.06 0.85 -0.01 11.95 244.82 1.48

Panel B of Table 3.2 shows that the variance risk premia on the systematic factors is significantly
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Figure 3.2: Time series of variance swap rates

This figure shows the time series of variance swap rates. Panel A plots the variance swap rate of two indices (OEX and NDX), VSI,OEX

and VSI,NDX , and the systematic risk factors VS(1)
t and VS(2)

t . Panel B (Panel C) plots the time series of OEX (NDX) against the
index-value-weighted average of constituent variance risk premia.
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negative and driven primarily by a single factor as the factor analysis suggested. The first systematic

factor, corresponding to the factor which explains the most variation in equity returns, is negative and

statistically significant: an average dollar return from a held-to-maturity long 30-day variance swap contract

hypothetically written on the first systematic factor earns -23%. The second factor earns a smaller and

statistically insignificant negative return. In contrast, the average idiosyncratic factor across equity options

earns a statistically positive return: the cross-sectional average dollar return from held-to-maturity long

30-day variance swap contracts hypothetically written on the idiosyncratic factors earns 9%.

Figure 3.3 plots the time series of risk premia for the individual systematic factors (in Panel A and B)

and the average idiosyncratic factor across index constituents for the S&P 100 (Panel C) and Nasdaq-100

(Panel D). For reference, a dotted black horizontal line is drawn at zero. Consistent with Table 3.2, Panel A

and B show that the time-series average systematic variance risk premium is negative. The risk premium

on the first systematic factor is more volatile with apparent spikes both during the Dot-com crash and the

recent financial crisis; in contrast, the price of risk on the second systematic factor spikes upwards most

during the recent financial crisis. In contrast, the weighted average idiosyncratic variance risk premium on

index constituents tends to be negative over time but fluctuates more relative to the systematic variance

risk premia thus leading to a more positive and/or statistically insignificant estimate. Idiosyncratic risk

premia tends to increase largely around periods of market stress hinting at a potential common factor

across idiosyncratic variances in the cross-section of equity options.

Table 3.3 reports the total systematic and idiosyncratic variance risk premia for the index option, its

constituents, and for a sample of individual equity options. Using Proposition 3.1, total variance risk

premia can be decomposed into premia for its systematic and idiosyncratic components; in contrast to

Table 3.2, Table 3.3 looks at the contribution to total variance risk premia from systematic and idiosyncratic

sources. Specifically, for each asset:

VRP·,t = β′·,tVRPtβ·,t + VRPε
·,t = systematic + idiosyncratic

with β′·,tVRPtβ·,t the contribution from systematic factors, and VRPε
·,t the contribution from the idiosyncratic

factor. For both the S&P 100 and Nasdaq-100 index, the total idiosyncratic variance risk premia is

approximately zero and statistically significant. As a result, the total variance risk premia for equity index

options reflects entirely the systematic variance risk premia which was estimated to be negative in Table

3.2. However, the market does not price all systematic return variance risk, but only prices proportionately

to the covariation of returns with systematic returns – that is with respect to β·,t. In contrast, for the

constituents of equity indices, both the total systematic and idiosyncratic components of variance risk

premium are economically large and significant. The total variance risk premium for index constituents is
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lower relative to the index because the contribution of idiosyncratic variance is larger: the average S&P

100 (Nasdaq-100) constituent has a contribution from the idiosyncratic risk factor of 0.13 (0.08) accounting

for 38% (54%) of the total total variance risk premia. This helps to offset the negative risk contribution

from the systematic factors and hence drive down equity options’ total variance risk premia relative to

the equity index option. This decomposition uncovers an explanation for the difference in variance risk

premia across equity and equity index options: systematic variance earns a negative risk premium while

idiosyncratic variance earns a positive risk premium. Index options are expensive because they hedge

increases in systematic factor variances while equity options are cheap controlling for their beta exposure

to systematic factors.

There is large cross-sectional heterogeneity across equity options. Table 3.3, Panel C shows the

decomposition for 24 individual equity options written on well-known firms in the S&P 100 and/or

Nasdaq-100 across a variety of industries. While systematic variance earns a negative risk premium across

this subset of equities, idiosyncratic risk premia in the cross-section earns both statistically positive and

negative risk premia depending on the firm. This variation in the price of idiosyncratic variance risk

generates a wide range of total variance risk premia. It is worthwhile to note that idiosyncratic movements

in the variances of idiosyncratic returns are diversified in a portfolio of options; however, variances of

idiosyncratic returns can move in a systematic or common way. Campbell et al. (2001) shows evidence that

idiosyncratic variances are countercyclical and positively related to market variance; Goyal and Santa-Clara

(2003) find that average idiosyncratic volatility predicts aggregate market excess returns; Herskovic et al.

(2016) finds that idiosyncratic volatility obeys a factor structure and shocks to common idiosyncratic volatility

factors are priced in the cross-section of equities. As a result, even within a diversified portfolio, common

idiosyncratic variance risk remains and appears to be priced in the cross-section of options. For less

well-diversified portfolios – for example, that of a constrained option market maker with concentrated risks

– intermediaries are more sensitive to common idiosyncratic variance risk and require compensation for

being risk. Section 3.5 explores the role of constrained option market makers in the pricing of variance

risk. Finally, consistent with the variance decomposition methodology of Section 3.2, I continue to refer to

idiosyncratic variance risk with the implicit assumption that it contains both a component due to exposure

to common idiosyncratic variance factors and an actually idiosyncratic component that can be diversified

away and earning zero price of risk.

The price of risk for systematic and idiosyncratic variance is time-varying with different dynamics for

equity or equity index options. Figure 3.4 plots the average variance risk premia on the total systematic

and idiosyncratic return components for OEX and NDX by year, with 95th confidence intervals plotted

in dashes. For both equity indices, the idiosyncratic variance risk premium is small and displays little
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time variation. However, the price of risk on the systematic component of equity index returns shows

significant time-variation. While negative on average, total systematic variance risk premia increases prior

to market shocks and falls in response to risk shocks with a delay. The systematic variance risk premia for

OEX increases to roughly zero in 2008 before falling in 2009; likewise the systematic variance risk premia

for NDX actually earns a positive price of risk in 2008 before falling in 2009. In contrast, time variation

in the variance risk components of index constituents is driven by changes in the idiosyncratic variance

risk premium. For both S&P 100 and Nasdaq-100 constituents, the idiosyncratic variance risk premium is

positive on average but earns a a lower if not negative risk premia following market shocks. For example

following the financial crisis, the average idiosyncratic variance risk premium for S&P 100 constituents falls

to -20% in 2009 from 40% in 2008; similarly, the average idiosyncratic variance risk premium for Nasdaq-100

constituents falls after both the Dot-com crash in 2001 and following the Global Financial Crisis in 2009.

Systematic variance risk premia on equity index options and idiosyncratic variance risk premia on

equity options increase initially following a risk shock and then subsequently fall in response to risk

shocks with a delay. Since traders likely exit their positions when market volatility rises, exposure to

variance swaps thus tend to fall. The decrease in exposures is concurrent with risk premia increasing and

is consistent with low hedging demand rather than low liquidity supply. Low liquidity supply predicts

premia fall as traders exit their positions due to a risk shock. Moreover, premia subsequently rise as traders

rebuild positions following the risk shock. Section 3.5 explores the role of inventory risk and option market

makers in more detail.

3.4.2 Cross-section of equity options

While Section 3.4.1 shows that priced idiosyncratic variance risk can help reconcile differences between

equity index and equity options, priced idiosyncratic variance risk also reconcile several anomalies in the

cross-section of equity options identified in the extant literature. In particular, Goyal and Saretto (2009)

show that a long-short trading strategy, based on the difference between historical realized volatility and

at-the-money implied volatility, produces a large significant average monthly return. The authors argue that

the difference between realized and implied volatility are indicative of mis-estimation of mean reversion

in volatility. Using returns of straddles, a proposed trading strategy that is long (short) options in the

largest (smallest) decile of the ratio between realized volatility during the previous twelve months and

at-the-money implied volatility as of the portfolio formation date earns a monthly average return of 22.7%

and a Sharpe ratio of 0.710. While Driessen et al. (2009) controls for correlation risk in the cross-section of

equity options of the S&P 100 index, those authors also acknowledge the presence of apparent mispricing
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Figure 3.4: Time variation in the risk premia of systematic and idiosyncratic variance

The figure shows the yearly time-series variation in the risk premia of the systematic (in red) and idiosyncratic (in blue) components
for the S&P 100 index (Panel A) and the Nasdaq-100 index (Panel B). Yearly average are constructed using simple averages of daily
risk premia. Realized variance risk premia are constructed using returns of synthetic one-month equity index variance swap returns
and follow:

RVI,m,t −VSI,m,t

VSI,m,t
= β′I,m,t

RVt −VSt

VSI,m,t
β I,m,t +

N

∑
n=1

w2
n,m,t

RVε
n,t −VSε

n,t

VSI,m,t

Confidence intervals corresponding to the 95th percentile using heteroskedasticity and autocorrelation consistent standard errors are
plotted in dashes.
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in individual options as documented by Goyal and Saretto (2009).

Table 3.4 reports monthly portfolio statistics, excess returns, factor loadings and adjusted R2 on long-

short portfolios of equity variance swaps sorted on different characteristics. In particular, Panel A sorts

portfolios based on the ratio of realized variance in the previous month to the variance swap rate at the end

of the previous month; Panels B and C sort portfolios based on the equity exposure to the two systematic

factors (VS(1)
t and VS(2)

t ).19 For each sort, I construct the equal-weight and equity-market-value-weighted

portfolio that goes long the highest quintile and shortest quintile. Each of these portfolios are tested against

three risk models with tradable factors: 1) the Fama-French-Carhart four-factor model (Model 1), 2) Model

1 augmented with two systematic variance risk factors taken as the variance swap rates of the S&P 100 and

Nasdaq-100 indices (Model 2), and 3) Model 2 augmented with two idiosyncratic variance risk factors taken

as the cross-sectional average idiosyncratic variance swap rates of the two indices in our sample (Model 3).

I focus the discussion of results on the market-value-weighted portfolios, but the equal-weight portfolios

show qualitatively consistent results. Panel A shows evidence consistent with Goyal and Saretto (2009):

monthly average returns are lower at 6.3% (market-value-weight portfolio) but the Sharpe ratio of 0.86 is

large. Moreover, there is apparent mispricing in individual options as abnormal returns are estimated to be

large and statistically significant, even when measured against Model 2. However, when both systematic

and idiosyncratic factors are included into the risk model (Model 3), risk-adjusted abnormal returns falls

both in economic and statistical significance. Hence, both systematic and idiosyncratic variance factors are

priced with the common idiosyncratic factor the key driver of returns in the cross-section of equity options.

In particular, the abnormal return from long-short equity option portfolios sorted by the ratio of realized to

implied volatility loads positively on the idiosyncratic variance risk factor.

Panels B and C add additional evidence that idiosyncratic variance risk is priced in the cross-section

of equity options. For portfolios sorted by their equity exposure or beta to the two systematic factors, if

only systematic variance risk is priced then higher beta stocks should exhibit lower variance risk premia

given the negative price of risk suggested in Table 3.2. In contrast, Panels B and C show that portfolios

which long high beta and short low beta equities yield positive variance swap returns. While the factor

loadings on the systematic variance factors are predominantly positive generating a negative effect on total

variance swap returns, the factor loadings on the idiosyncratic variance factors are positive and thus help

to explain why the long-short portfolio has average positive returns. Moreover, idiosyncratic variance risk

is important to reduce the economic and statistical significance of abnormal returns. Finally, given the

19The sort in Panel A differs from Goyal and Saretto (2009) in that realized variance is computed over the previous month rather
than 12 months; second, rather than use the implied volatility of an ATM option, the implied volatility is taken as the variance swap
rate; finally, I sort portfolios into quintiles rather than deciles.
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Table 3.4: Variance risk factors and long-short portfolio returns of synthetic variance swaps

This table presents monthly portfolio statistics (returns and Sharpe ratios), excess returns, factor loadings and adjusted R2 using
three risk models for long-short portfolios of equity variance swaps sorted by three characteristics in the previous month: the log
difference of realized variance to variance swap rate in Panel A, β exposure of equity variance swap to the first (second) systematic
variance factor in Panel B (Panel C). Equal-weight and equity-market-capitalization-weight portfolios are constructed by first sorting
on characteristics at the end of the previous month, and then going long the highest quintile sort and short the lowest quintile
sort. Three risk models with tradable factors are considered: the Fama-French-Carhart four-factor model (Model 1); the augmented
Model 1 with systematic risk factors, VSSys1 and VSSys2 (Model 2); and the augmented Model 2 with idiosyncratic risk factors,
VSEps1 and VSEps2, equal to the idiosyncratic variance swap on the OEX and NDX, respectively (Model 3). Heteroskedasticity and
autocorrelation consistent t-statistics are presented in parentheses.

Factor Model α MKTRF SMB HML UMD VSSys1 VSSys2 VSEps1 VSEps2 R2
adj

Panel A. Sort on log ratio RV to VS
Equal Weighted (µ = 0.075, SR = 1.314)

Model 1 0.08 -0.39 0.59 -0.24 -0.53 0.01
( 5.23) (-2.04) ( 0.99) (-0.46) (-0.93)

Model 2 0.01 -0.20 0.23 -0.49 -0.45 -0.16 3.45 0.16
( 1.70) (-1.26) ( 0.49) (-1.12) (-0.85) (-0.41) ( 4.28)

Model 3 0.01 -0.24 0.29 -0.49 -0.49 0.31 3.17 0.57 0.27 0.15
( 0.37) (-1.43) ( 0.57) (-1.11) (-0.91) ( 0.54) ( 1.49) (1.06) ( 0.84)

Market capitalization weighted (µ = 0.063, SR = 0.861)
Model 1 0.06 -0.19 1.20 0.55 0.16 0.00

( 3.92) (-1.30) ( 1.30) ( 1.65) ( 0.86)
Model 2 0.01 -0.03 0.79 0.17 0.13 -0.68 3.21 0.08

( 2.13) (-0.19) ( 1.04) ( 0.66) ( 0.80) (-1.97) ( 3.12)
Model 3 -0.01 -0.12 0.80 0.08 0.03 0.05 7.58 0.72 0.64 0.08

(-0.43) (-0.65) ( 1.02) ( 0.29) ( 0.16) ( 0.11) ( 2.48) (0.89) (2.13)

Panel B. Sort on β exposure to VS(1)
t

Equal Weighted (µ = 0.026, SR = 0.918)
Model 1 0.02 -0.11 0.66 0.07 0.29 0.05

( 3.02) (-0.83) ( 2.51) ( 0.29) ( 1.50)
Model 2 0.03 -0.07 0.47 -0.19 0.17 -0.77 0.94 0.13

( 2.92) (-0.49) ( 2.11) (-1.06) ( 1.42) (-2.48) ( 1.32)
Model 3 0.01 -0.15 0.56 -0.21 0.10 0.16 1.19 1.07 0.36 0.18

( 0.58) (-0.91) ( 1.80) (-1.01) ( 0.79) ( 0.25) ( 0.82) (2.06) ( 0.95)
Market capitalization weighted (µ = 0.032, SR = 1.50)

Model 1 0.03 -0.13 0.56 0.21 0.27 0.07
( 5.08) (-1.09) ( 3.02) ( 0.99) ( 1.52)

Model 2 0.02 -0.07 0.34 -0.07 0.17 -0.75 1.25 0.27
( 4.75) (-0.63) ( 1.66) (-0.39) ( 1.33) (-4.77) ( 3.64)

Model 3 0.01 -0.14 0.41 -0.09 0.11 -0.03 1.91 0.82 0.17 0.32
( 1.16) (-1.19) ( 1.92) (-0.62) ( 1.11) (-0.09) ( 2.50) (2.71) ( 0.98)

Panel C. Sort on β exposure to VS(2)
t

Equal Weighted (µ = 0.041, SR = 0.943)
Model 1 0.04 0.13 1.20 0.05 0.12 0.05

(3.71) (1.00) (2.32) (0.17) (0.81)
Model 2 0.02 0.18 1.16 0.07 0.19 0.23 0.79 0.07

(2.77) (1.35) (2.53) (0.23) (1.42) (0.89) (1.04)
Model 3 -0.01 0.07 1.26 0.02 0.09 1.35 2.34 1.26 0.16 0.09

(-0.54) ( 0.44) ( 2.70) ( 0.08) ( 0.41) ( 2.07) ( 1.00) (1.83) ( 0.34)
Market capitalization weighted (µ = 0.038, SR = 1.44)

Model 1 0.04 0.11 0.89 -0.08 0.04 0.10
( 5.49) ( 1.18) ( 2.81) (-0.30) ( 0.33)

Model 2 0.01 0.17 0.83 -0.07 0.11 0.23 0.88 0.16
( 2.90) ( 1.68) ( 2.78) (-0.29) ( 1.20) ( 1.26) ( 1.73)

Model 3 0.00 0.09 0.90 -0.09 0.05 1.00 1.62 0.88 0.18 0.19
(-0.37) ( 0.86) ( 2.92) (-0.33) ( 0.28) ( 2.43) ( 1.19) (2.26) ( 0.61)
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slow-moving nature of equity betas, the positive average return in the long-short portfolio is more likely a

result of different risk exposures rather than temporary mispricings in individual options.

3.4.3 Price of variance risk

How important are systematic and idiosyncratic variance for the stochastic discount factor projected

on the space of equity and option returns? I use the Generalized Method of Moments (GMM) estima-

tor of Hansen (1982) and Hansen and Singleton (1982) to evaluate beta pricing models using the beta

representation.20 For each specification of the beta pricing model, I use the two-step optimal GMM to

estimate the prices of risk associated with each factor. The first-stage estimation uses the identity matrix;

the second-stage estimation uses the weighting matrix equal to the inverse of the first-stage covariance

matrix estimated with the Newey-West (1987) spectral density estimator. For a vector Rt of asset returns

and ft of systematic risk factors with mean µ and variance Ω, the beta pricing model is given as ERt = Bλ

with λ the vector of factor risk premia, and B the matrix of factor loadings. Then the moment conditions in

the GMM estimator with unknown parameters θ =

(
λ′ vec(B)′ µ)

)
and observables xt =

(
R′t f ′t

)
are:

g(xt, θ) =


Rt − B (λ− µ + ft)

vec (Rt − B (λ− µ + ft) f ′t )

ft − µ


See Jagannathan et al. (2010) for further details regarding GMM estimation, the construction of pricing

errors, and inference. I test the following beta pricing models:

Ri,t = a + βi
MKTλMKT + βi

SMBλSMB + βi
HMLλHML + βi

UMDλUMD

+ βi
FVIXλFVIX + ui

t

Ri,t = a + βi
MKTλMKT + βi

SMBλSMB + βi
HMLλHML + βi

UMDλUMD

+ ∑
k={1,2}

βi
VSk

λVSk + ∑
k={1,2}

βi
VSε,k

λVSε,k + ui
t

In particular, I consider the factors widely used in the classical asset pricing literature (Fama-French-Carhart

factors: MKT, SML, HML and UMD), as well as the mimicking aggregate volatility factor of Ang et al.

(2006) (FVIX) and the systematic risk factors (VS(1) and VS(1)) and idiosyncratic risk factors taken as the

20In our setting, GMM estimation has several important advantages over regression-based cross-sectional tests like the methodology
proposed by Fama and MacBeth. In particular, changes in option leverage result in changes in factor loadings estimated from time-
series regressions when option returns are calculated over the option maturity. Second, since I focus on the most liquid short-dated
option contracts to avoid data issues of illiquid contracts, first-stage time-series regressions of option returns cannot be estimated with
long time series. In both cases, GMM avoids the error-in-variables problem associated with estimated factor loadings in time-series
regressions which are then subsequently taken as regressors in cross-sectional regressions.
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weighted cross-sectional average idiosyncratic variance swap rates of the two indices in our sample (VSε,1

and VSε,2).21 I use the aggregate volatility factor FVIX as a point of comparison for how assets respond to

another systematic volatility factor studied in the literature.

To estimate the factor risk premia on the set of factors, I first construct a set of test assets of equities

whose factor loadings on variance risk is sufficiently disperse so that the cross-sectional regressions have

reasonable power. Specifically, I follow Ang et al. (2006): taking the universe of CRSP stocks, I construct 30

investible portfolios sorted first on βMKTRF, computed by a univariate regression of excess stock returns

on excess market returns over the past month using daily data. Within each of these six market-sorted

portfolios, I compute the loading on aggregate volatility innovations (proxied for by changes in the daily

VIX index from the Chicago Board Options Exchange) as the bivariate regression of stock returns on excess

market returns and changes in VIX over the past month using daily data. Stocks are then ranked first into

sextiles and then within each sextile by sensitivity to market returns ranked again into volatility quintiles. I

use these thirty equity portfolios as base assets to estimate factor premia in the space of equity returns.

Table 3.5 shows the GMM estimates of factor premia. Model 1 includes the market factor and the

aggregate volatility factor of Ang et al. (2006); Model 2 adds the Fama-French-Carhart factors to Model 1.

In contrast, Model 3 studies the beta pricing model which includes the market factor and the systematic

and idiosyncratic volatility factors identified in this paper; Model 4, adds the Fama-French-Carhart factors

to Model 3. In general, Table 3.5, Panel A shows that the premia of the standard factors (MKT, SMB, HML,

MOM) are estimated imprecisely with this set of base assets. The premium on MKT is estimated to be

positive and consistent with the literature. Model 1 shows that the price of aggregate volatility risk FVIX is

-0.03% per month, statistically significant at the 1% confidence level. Cross-section of stock returns reflects

exposure to aggregate volatility risk, and this price of market volatility risk is significantly negative. Adding

the remaining Fama-French-Carhart factors, reduces the statistical significance of the FVIX premium but

the estimate remains negative. Models 3 and 4 show that the price of risk for the systematic risk factor

implied by the cross-section of options earns a negative price of risk, consistent with the results for FVIX

but that the idiosyncratic risk factors earn a positive price of risk. The cross-sectional price of systematic

variance risk is roughly estimated to be about -0.01% per month while that of idiosyncratic variance risk

is estimated to be much larger around 0.05% to 0.09% per month. The positive price of risk implies that

investors’ marginal rate of substitution are decreasing in idiosyncratic volatility and hence demand a

premium for assets with returns covarying positively with innovations in idiosyncratic volatility. The

21Following Ang et al. (2006), I construct the aggregate volatility risk factor FVIX tracking innovations in VIX by estimating b
in the regression, ∆VIXt = c + b′Xt + ut with base assets Xt as the quintile portfolios sorted on past β∆VIX from the regression of
returns on the market excess return and daily changes in the VIX: ri,t = β0 + βMKT,i MKTt + β∆VIX,i∆VIXt + εi,t.
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estimates for prices of risk are statistically significant at least at the 5% confidence interval. Moreover, across

the models, inclusion of the variance factors reduces the J-statistic and the Gibbons, Ross, and Shanken

(1989) GRS test-statistics, indicating that the model fits the data much better with the variance factors than

without.

Table 3.5, Panel B reports the ex-post factor loadings on the two idiosyncratic variance factors for the

initial 30 portfolios that are sorted by market volatility and beta to the aggregate volatility mimicking

factor of Ang et al. (2006). Panel B shows that portfolio formed on past βFVIX do not load in a systematic

way on the idiosyncratic variance risk factor. As a result, equities’ loadings on idiosyncratic variance risk

does not contribute a systematic return difference on portfolios sorted by aggregate volatility exposure. In

unreported tables, ex-post loadings on either FVIX or the two systematic variance risk factors do show

evidence that the set of base assets are disperse and monotonically increasing. This helps to explain the

contribution of priced aggregate volatility or systematic variance risk factors to the large differences in

returns across volatility-sorted equity portfolios.

In contrast, Table 3.6 shows the GMM estimates of factor premia on the set of option test assets. In

particular, I take the universe of options written on the equity constituents of OEX or NDX and first

divide the sample into six portfolios according to option contract (call option and put option) and contract

moneyness.22 Within each of these six option portfolios, I sort on the options’ log variance risk premia

(log(RV·,t)− log(IV·,t)). To correctly filter and clean option contracts, I follow Goyal and Saretto (2009)

by removing options for which the bid price is greater than the offer price or where the offer is equal to

zero; observations for which the bid-offer spread is below the minimum tick size of $0.05 for options with

mid-prices below $3.00, and $0.10 for options with mid-prices greater than or equal to $3.00; finally to

remove illiquid options, I remove options with zero open interest. The resulting portfolio sorts yields 30

investible portfolios. To construct the returns on these portfolios, I construct leverage-adjusted returns.

Since options are levered claims on the underlying stock, options tend to have loadings on risk factors that

are much larger yielding a skewed return distribution. These skewed distributions are problematic for

linear beta pricing models. While forming portfolios of options helps to reduce the skewness of returns,

I can further leverage-adjust option returns by calculating gross returns to a long-short option portfolio

which invests ω−1
j,i,t dollars in option j and 1− ω−1

j,i,t dollars in the risk free rate, where ωj,i,t represents

the Black-Scholes implied option leverage, ωj,i,t = ∆j,i,tSi,t/Pj,i,t for option j, on stock i with ∆j,i,t the

Black-Scholes option delta, Si,t the stock price and Pj,i,t the option price. Returns are adjusted at the start of

22I determine moneyness by using option deltas reported by OptionMetrics and divide deltas into three groups: in-the-money
(ITM), at-the-money (ATM) and out-of-the-money (OTM). OTM calls (puts) are contracts for which ∆ ≤ 0.375 (∆ > −0.375); ATM
calls (puts) are contracts for which 0.375 < ∆ ≤ 0.625 (−0.625 < ∆ ≤ −0.375); ITM calls (puts) are contracts for which ∆ > 0.625
(∆ ≤ −0.625)
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the holding period and held fixed over the holding period rather than adjusted daily.

Table 3.6, Panel A shows that the risk premia estimated with GMM on the set of option test assets yield

similar results for the systematic and idiosyncratic variance risk factors in Table 3.5, Panel A. In particular,

Models 1 and 2 show that the price of risk for the systematic variance risk factor is strongly statistically

negative, while the price of risk for the idiosyncratic variance risk factor is positive. Moreover, inclusion of

the variance risk factors decreases both the J-statistic and the GRS-test statistic, indicating that the model

fits the cross-section of option return data much better with the variance factors than without. Inclusion of

Fama-French-Carhart factors in Models 2 and 4 show that the estimates on the variance risk factors are

essentially unchanged. Table 3.6, Panel B reports the factor loadings on the two idiosyncratic variance risk

factors for each of the 30 base assets. Panel B confirms that the portfolios formed on past variance risk

premium loadings reflect exposure to systematic (unreported) and idiosyncratic variance risk. In particular,

I find that βVSeps1 loadings increase monotonically from low to high across ex-ante portfolios sorted on

the variance risk premium. In contrast, the ex-post loadings on βVSeps2 do not exhibit any systematic or

monotonic changes across portfolios. These factor loadings in the set of option test assets can be compared

with those for the set of equity test assets reported in Table 3.5, Panel B. While the loadings on βVSeps1 for

equity and option test assets fluctuate both positively and negatively, there is a clear monotonic increase for

option test assets; while the loadings on βVSeps2 for equity test assets are almost predominantly negative,

the loadings for option test assets are all positive.

The direction of factor loadings estimated from the test assets of options points to a potential explanation

for why total variance earns a strong negative price of risk when estimated from the cross-section of equities

while estimates from the cross-section of options has varied results in the literature. Idiosyncratic variance

risk matters much for options pricing: option-implied variance swaps on options with low implied volatility

relative to realized volatility earn a high return because these options have higher exposure to idiosyncratic

variance risk which earns a positive price of risk. The positive price of idiosyncratic variance risk works

against the negative price of systematic variance risk to generate systematic differences in returns; in

contrast, in the test asset of equity portfolios, the pattern of idiosyncratic variance factor loadings implies

that differences in equity returns are almost entirely driven by systematic variance risk which earns a

negative price of risk.

3.5 Variance risk premia and intermediary risk appetite

What drives variance risk pricing in the equity option market? Why does idiosyncratic variance risk

earn a positive price of risk? Why is idiosyncratic variance risk particularly priced in the cross-section
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of option returns but not in the cross-section of equity returns? One potential explanation is the role of

constrained option market makers as the marginal investors in options markets. On average, net demand

for both index options by end users is much larger than for equity options; for some options, market

makers are actually net buyers. In our sample of equity options and equity index options, option market

makers are on average net short 1160 contracts for OEX or NDX and net short only 52 contracts for the

index constituents each day; however, option market makers’ net supply is typically more skewed for equity

options than for the equity index options (skewness of -0.98 for equity index options compared to -4.51 for

equity options). In total across both equity index options (OEX and NDX), market makers are consistently

short roughly ten thousand option contracts; in contrast there is wider variation for equity options. Market

makers are hence net sellers of equity index options and can be net long or short equity options as they

provide liquidity and build up potentially large negative inventories over time.23 These inventories in turn

exposes market makers to variance risk that is more difficult to hedge against than market return risk which

can be hedged with futures contracts (Bates, 2003). Specifically, while idiosyncratic shocks in idiosyncratic

return variances can be diversified away in the market makers’ portfolio of options, idiosyncratic return

variance that moves in a common or systematic way cannot be perfectly hedged. Hence market makers’

risk bearing capacity may affect option supply, which in turn determines how exposed market makers

are to commonality in idiosyncratic variances, and thus helps to determine how common idiosyncratic

variance risk is priced in equilibrium.

3.5.1 Inventory risk and risk appetite

To construct the net demand for options by end-users, or equivalently market makers’ negative inventory

of options, I use the Market Data Express Open/Close database published by the Chicago Board Option

Exchange (CBOE). While this data set has been used in the literature (see Pan and Poteshman (2006) for

example), the novelty of this analysis is that I are able to scrape data on the cross-section of equity options,

whereas extant research has typically focused on index options. The Open/Close dataset is unique in that

it identifies daily option trading for firm and customer investors as well as four trade types – open-buys,

open-sells, close-buys and close-sells.24 Since the option market is a zero net supply market, I can use the

firm and customer option demand to back out the net option demand for market makers. In particular, the

23Consistent with the findings, Gârleanu et al. (2009) finds that end users are actually net suppliers of single name equity options
resulting in net long positions for market makers.

24Specifically, the Option Clearing Corporation (OCC) assigns one of the three origin codes to each option transaction as public
customer, firm proprietary trader, or market maker. For example, Goldman Sachs who trades for the banks own account is classified
as a firm proprietary trader; clients of discount brokerages such as Charles Schwab or E-Trade along with clients of full-service
brokerages such as Goldman Sachs Prime Brokerage are classified as customers. CBOE Open/Close dataset covers all non-market
maker volume.
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four trade types are open-buys which are initiated by a buyer to open a new option position, open-sells

which are initiated by a seller to open a new position, close-buys which are initiated by a buyer to close

an existing short position, and close-sells which are initiated by a seller to close an existing long position.

These trade types are helpful for two reasons. First, the sign and intent of trading volume is known with

certainty without needing to infer either from quote and trade data. Second, given the close or open

intent of contracts, market makers’ net inventory positions can be reconstructed at the level of the option

underlying given data on total option volume and open interest which is obtained from OptionMetrics.25 I

take market makers’ inventory as the negative of end users’ net demand – that is buys less sells. As a result

of the scraping method used to gather the CBOE Open/Close data, I only have data from January 2004

to September 2013 with almost 75% of observations between January 2004 and December 2005. However,

I obtain cross-sectional variation by constructing market maker inventory for the OEX and NDX equity

indices and their 299 index constituents over time – each equity option and equity index option has been

sampled roughly 40 times across the sample.

The relevant inventory risk due to exposure of market makers’ inventory to market volatility can be

captured by multiplying the net inventory of option j with the option’s Black-Scholes-implied vega. In

particular, for net inventory Φj,t of an option market maker, define the market maker’s inventory risk of

option j as:

InvRisk j,t = Φj,t × νj,t

with νj,t =
∂C(S,T,σ,r,X)

∂σ the Black-Scholes option vega obtained in OptionMetrics. The market maker’s total

inventory risk is then given by summing over all option underlying j, InvRiskt = ∑j InvRisk j,t = ∑j Φj,tνj,t.

Since the CBOE Open/Close data set reports trading volumes by option underlying rather than by option

contract, I take the option vega as the trade-volume-weighted average option vega across all option contracts

for a given underlying. Since the vega of an option indicates the change in option premium, in cents,

for a one percentage point change in volatility, inventory risk (0.01× InvRisk j,t ) represents the response

25Specifically, given the open-buy (OB), close-buy (CB), open-sell (OS) and close-sell (CS) positions for firms (F) and customers (C)
in addition to the total option volume (V) and open interest (OI), I can solve for the open-buy, close-buy, open-sell and close-sell
positions of the market maker (M). From these values, I can construct any inventory measure for market makers. There are
two key points worth noting. First, for every seller of an option contract, there must also be a buyer of the contract. One seller
and one buyer together creates one contract. Therefore, the total open interest in the market for a given option written on an
underlying equals the total number of buyers it the total number of sellers. Second, the transfer of contracts does not create any
change in the open interest figure for that particular option; no new option contracts have been added to the market. However,
the sale or purchase option contracts by the existing option holder does increase the trading volume. I can solve for the relevant
values of OBM, CBM, OSM and CSM by minimizing the following program: ‖Ax− b‖2 subject to Ex = f where x is the vector of

values of interest:


OBM

CBM

OSM

CSM

, A =


1 0 0 −1
0 −1 1 0
1 0 0 1
0 1 1 0

, b = −


OI − (OBF + OBC − CSF − CSC)
OI − (OSF + OSC − CBF − CBC)
V − (OBF + OBC + CSF + CSC)
V − (OSF + OSC + CBF + CBC)

, E =

(
1 1 −1 −1
1 −1 −1 1

)
, and

f =
(
(OBF − CSF)− (OSF − CBF) + (OBC − CSC)− (OSC − CBC)
(OBF + OBC + CSF + CSC)− (OSF + OSC + OBF + CBC)

)
.
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of inventory in dollar terms to a 1% increase in market volatility. Moreover, as option vega is always

nonnegative, the sign of market makers’ inventory dictates the sign of inventory risk: when market makers

are net sellers (buyers), Φj,t < 0 (InvRisk j,t < 0).

3.5.2 Empirical results

In this section, I present reduced-form regressions to understand the role of option market makers

in the determination of the variance risk premium and in particular on the systematic and idiosyncratic

components of variance risk. First, I show that part of variance risk premia captures market makers’

compensation for bearing inventory risk. Second, this compensation is orthogonal to other contemporaneous

variables found to be correlated with risk premia including market returns, technical demand factors,

or time-varying changes in return volatilities or jumps. Third, I show that market makers’ required

compensation for inventory risk is time-varying and depends, in part, on their financial constraints. As

market makers become increasingly funding or capital constrained, variance risk premia increase for a

given level of inventory risk. Finally, I show evidence that among single-name equity options, variation

in total variance risk premia as a result of inventory risk is largely driven by market makers’ exposure to

idiosyncratic variance risk rather than their exposure to systematic variance risk. These results provide a

set of evidence that suggests market makers’ net exposure to variance risk (particularly to the common

idiosyncratic variance risk in single-name equity options) and their resulting required compensation is

embedded in the variance risk premium.

Variance risk premia and inventory risk

Table 3.7 regresses daily changes in the log total variance risk premium (∆ log VRPi,t = log RVi,t/VSi,t −

log RVi,t−1/VSi,t−1) on the contemporaneous measure of inventory risk in Panel A (InvRiski,t) or the lagged

measure of inventory risk in Panel B (InvRiski,t−1):

∆ log VRPi,t = αi + γt + βInvRiski,t + ψ∆ log VRPi,t−1 + εi,t

with control for the lagged dependent variable and time- and security- fixed effects across regression

specifications. In particular, if the variance risk premium captures in part market makers’ compensation for

bearing variance risk, then β > 0; that is, the more negative (positive) inventory risk option market makers

bear, the more negative (positive) the variance risk premium becomes implying higher (lower) expected

returns to option writing.

Panels A and B of Table 3.7 show qualitatively similar results so I focus on the case of contemporaneous
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inventory risk in Panel A. As expected in the theory, a decrease in inventory risk (option writers are net

short) decreases the variance risk premium and increases the expected returns to supplying options to

end users: a one percent increase in inventory risk leads to a 78 basis point increase in the variance risk

premium (Column (1)) and a slightly higher 90 basis point increase if I control for heterogeneous asset

variation with security fixed effects (Column (2)). Column (3) shows that the positive relation between

inventory risk and variance risk premia is not only driven by time-series variation as market makers become

more constrained, potentially due to increased financial regulation. Adding date fixed effects shows that

cross-sectionally, those options for which market makers are more net short earn a lower variance risk

premia. This is consistent with the notion that option writers price contracts with higher implied volatility

to protect from unexpected innovations in variance the more options they write. Adding security- and

date-fixed effects leaves the statistically significant results unchanged (Column (4)). Finally, Columns (5)

and (6) show the regression results estimated from the subsample of equity index options and equity

options. Interestingly, the marginal effect from inventory risk estimated in the subsample of equity options

is roughly four times as large as the marginal effect from equity index options (2.779 compared to 0.673).

This difference is partly attributable to the trading volumes and inventory distributions of equity options

and equity index options. While the market for equity index options is much larger, inventory risk is less

skewed; in contrast, equity options tend to be relatively less liquid and the distribution of option market

makers’ inventory tends to be more positive and much more negatively skewed. To the extent that option

market makers can (imperfectly) hedge their typical variance risk from inventories, large deviations from

expected positions in equity options may cause market makers to be more sensitive to changes in inventory

risk.

The effect of inventory risk on variance risk premia is robust to the inclusion of other contemporaneous

control variables proposed in the extant literature. Table 3.8 adds additional underlying-level control

variables to the regression specification of Table 3.7. In particular, Column (1) adds a proxy for the effect of

net option buying pressure, defined as Black-Scholes option delta-weighted order imbalances. Bollen and

Whaley (2004) show that there are demand effects in the sense that changes in option implied volatility

are related to the demand for options. Since inventory risk has a component of net buying pressure, I

want to show that inventory risk (due to variance risk) is distinct from market imbalances. Consistent

with Bollen and Whaley (2004), I find evidence that net buying pressure increases implied volatility and

hence is negatively related to the variance risk premia but is also distinct from the inventory risk I identify.

Jumps in the underlying asset price also can affect variance risk premias – Egloff et al. (2010) and Todorov

(2010) show that investors’ fear of jumps in financial returns result in their willingness to pay for protection

against jumps and increase the price of options. To capture an implied “jump factor” at the option-level I
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Table 3.7: Option market makers’ option inventory and pricing of variance risk

This table presents the results from the linear regression of daily changes in the one-month log variance risk premium ∆ log VRPi,t on
the contemporaneous level of inventory risk, InvRiski,t, in Panel A and the lagged level of inventory risk, InvRiski,t−1, in Panel B:

∆ log VRPi,t = αi + γt + βInvRiski,t + ψ∆ log VRPi,t−1 + εi,t

where each specification may include date-, and security-fixed effects, as well as the lagged dependent variable, ∆ log VRPi,t−1.
Inventory risk, InvRiski,t, is defined as the Black-Scholes option vega-weighted sum of option market maker inventory for options
written on i; option market makers’ inventory is the negative of daily option end users’ net demand. Specifications (1)-(4) successively
add fixed effects; Specification (5) reports the estimates using the subsample of equity index options; Specification (6) reports the
estimates using the subsample of equity options. Standard errors are reported in parentheses and are double clustered at the date-,
security-level: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Panel A: Contemporaneous level of inventory risk

Dependent variable: ∆ log VRPi,t

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

InvRiski,t 0.780∗∗∗ 0.904∗∗∗ 0.705∗∗∗ 0.813∗∗∗ 0.673∗∗ 2.779∗∗∗

(0.125) (0.127) (0.164) (0.171) (0.265) (0.649)

∆ log VRPi,t−1 −0.058∗∗∗ −0.059∗∗∗ −0.086∗∗∗ −0.086∗∗∗ −0.048 −0.088∗∗∗

(0.017) (0.018) (0.020) (0.021) (0.037) (0.021)

Sample All All All All Index Equity
Security FE No Yes No Yes Yes Yes
Time FE No No Yes Yes Yes Yes
Observations 12,342 12,342 12,342 12,342 67 12,275
Adjusted R2 0.011 0.014 0.172 0.174 0.176 0.174

Panel B: Lagged level of inventory risk

Dependent variable: ∆ log VRPi,t

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

InvRiski,t−1 0.151∗∗ 0.165∗∗ 0.175∗∗ 0.181∗∗∗ −0.037 1.073∗∗

(0.076) (0.074) (0.068) (0.064) (0.061) (0.476)

∆ log VRPi,t−1 −0.117∗∗∗ −0.117∗∗∗ −0.133∗∗∗ −0.133∗∗∗ −0.159∗∗∗ −0.134∗∗∗

(0.019) (0.018) (0.019) (0.019) (0.018) (0.020)

Sample All All All All Index Equity
Security FE No Yes No Yes Yes Yes
Time FE No No Yes Yes Yes Yes
Observations 12,342 12,342 12,342 12,342 67 12,275
Adjusted R2 0.013 0.016 0.160 0.163 0.102 0.163
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use the long-short portfolio returns of two zero-delta at-the-money straddles for a given option underlying

i for two maturities T1 ∈ (0.75, 1] months and T2 ∈ (1, 2] that isolates option gamma exposure.26 Column

(2) shows that jumps are negatively correlated with the variance risk premium. Since returns on the

jump factor are highest when the option underlying returns fall sharpest, large negative (expected) jumps

increase the implied option volatility. Column (3) includes controls based on the return distribution – in

particular, lagged underlying returns, and lagged idiosyncratic and realized underlying return volatility

constructed over the previous 22 trading days. Idiosyncratic underlying return volatility is calculated

assuming a Fama-French-Carhart risk model. The inclusion of lagged return and return volatility of the

underlying does not affect the positive correlation between inventory risk and variance risk premia. In

fact, Column (4) horserace all of the underlying-level control variables and finds that the statistical and

economic explanatory power of inventory risk remains.

Columns (5)-(7) add data-level control variables in lieu of date-fixed effects. In particular, I construct an

aggregate jump factor by using the long-short portfolio of zero-delta at-the-money straddles written on the

S&P 500 index, as well as the lagged return and return volatility of the S&P 500 over a 22-day window. The

addition of date-level control variables do not reduce the statistical or economic significance of inventory

risk. Moreover, adding the full complement of underlying-level and date-level control variables identified

in the extant literature as driving variance risk premia do not reduce the estimated effect of inventory risk.

Intermediary risk appetite

As option market makers face tighter financial constraints, they should demand even higher compensa-

tion for bearing variance risk holding fixed an option inventory level. Table 3.9 regresses daily changes in

the log total variance risk premium on the contemporaneous inventory risk, measure of financial constraints

relevant for option market makers Zt, and their interaction:

∆ log VRPi,t = αi + γt + β1 InvRiski,t + β2Zt + β3 InvRiski,t × Zt + ψ∆ log VRPi,t−1 + εi,t

where I control for the lagged dependent variable, security-level fixed effects and time-fixed effects in

regression specifications presented in even columns. If option market makers require higher compensation

as their constraints Zt tighten then I expect β2 > 0 in addition to the unconditional effect of inventory

risk β1 > 0 found in Section 3.5.2. Furthermore, if the effect of inventory risk on variance risk premia is

26Specifically, following Coval and Shumway (2001) and Cremers et al. (2015), let the returns on two zero-delta, at-the-money
straddles on an option underlying with maturity T1 ∈ (0.75, 1] months and T2 ∈ (1, 2] be r1 and r2; let the vega of the two straddles be
ν1 and ν2. The straddles can be constructed from calls and puts with weight θ on the call such that weight on the call needed for
the weighted portfolio of call and put replicating zero-delta straddle is −∆put/(∆call − ∆put). Then the vega of the straddle is the
weighted sum of the call and put option vega. The jump-factor is finally given as r1 − (ν1/ν2)r2 which results in a long-short portfolio
that is zero-delta, zero-vega, and a positive-option gamma.
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time-varying – inventory risk due to unhedged option volatility should be higher if the option market maker

is more constrained for any given inventory risk – then I would expect the coefficient on the interaction term

to be negative: β3 < 0. Intuitively, as market maker financial constraints tighten (i.e., as a result of losses,

decrease in leverage or risk capital, etc.) and they are negatively exposed to inventory risk, then option

market makers should demand higher compensation which leads to lower variance risk premia. In this

case, I would expect the coefficient on the interaction term to be negative. I consider three state variables for

the market maker’s risk appetite. First, the TED spread represents the rate difference between three-month

USD LIBOR and the three-month US Treasury bill. Since LIBOR represents the uncollateralized borrowing

rate of many financial institutions, as the spread widens, financial intermediary funding costs increase. As

the TED spread increases, I expect β3 > 0 since increases in the spread represent tightening of funding

constraints. Second, I use the tradable broker-dealer leverage mimicking factor of Adrian et al. (2014).

Changes in broker-dealer leverage, specifically changes in asset and liability values of broker-dealer balance

sheets, represent changes in funding or financing constraints. Since broker-dealer leverage is pro-cyclical, as

leverage falls, intermediaries face tighter financial constraints and I expect β3 < 0. Third, I use the capital

risk factor of He et al. (2017) which is equal to the aggregate value of market equity divided by aggregate

market equity plus aggregate book debt of primary dealers. Since low capital-risk-beta assets are viewed

as valuable hedges by marginal investors, capital risk is strongly pro-cyclical, implying counter-cyclical

intermediary leverage. Consequently, as capital risk falls as financial constraints tighten, I expect β3 < 0.

Table 3.9 shows evidence consistent with time-varying inventory risk where the tightening of financial

constraints implies that market makers’ compensation for unhedged variance risk pushes up option implied

volatility, and pushes down the variance risk premia. I find qualitatively consistent results across the three

market maker state variables I consider. In particular, increases in inventory risk following market makers’

net short option positions generate an increase in the variance risk premia as in Table 3.7. I find strong

evidence that as intermediaries’ leverage or capital risk falls, the variance risk premia also falls; I do not

find evidence following increases in the TED spread. However, the interaction of the state variables and

inventory risk are consistent with intuition: when option market makers are net short options and are

exposed to unhedged volatility risk, tightening financial constraints, holding fixed the inventory risk, leads

to an even larger decrease in the variance risk premia as option market makers seek to be compensated for

holding inventory risk at times when it is most expensive to do so. In particular, I find that for a given net

short inventory level, TED spread increases or broker-dealer leverage and capital risk decreases lead to

lower variance risk premia as the option implied volatility increases. These results are robust to date-fixed

effects.
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Table 3.9: Variance risk premia is affected by option market makers’ financial constraints

This table presents the results from the linear regression of daily changes in the one-month log variance risk premium ∆ log VRPi,t on
the contemporaneous level of inventory risk, InvRiski,t, option market makers’ state variable Zt, and their interaction:

∆ log VRPi,t = αi + γt + β1 InvRiski,t + β2Zt + β3 InvRiski,t × Zt + ψ∆ log VRPi,t−1 + εi,t

where all specifications control for the lagged dependent variable; Columns (1), (3) and (5) contain security-fixed-effects; and
Columns (2), (4) and (6) contain security- and date-fixed effects that sweep up variation in time-varying covariates. Inventory risk,
InvRiski , t, is defined as the Black-Scholes option vega-weighted sum of option market maker inventory for options written on i;
option market makers’ inventory is the negative of daily option end users’ net demand. The market maker state variable Zt proxies
for the risk-bearing capacity of option writers: TEDt is the spread between three-month US dollar LIBOR and the three-month
Treasury bill rates; AEMLevt is equal to Adrian et al. (2014) leverage factor mimicking portfolio with suggested weights equal to
[BV, BN, BG, SV, SN, SG, MOM] = [−0.39, 0.48, 0.13,−0.42, 1.19,−0.49, 0.50]; HKMRiskt is equal to He et al. (2017) capital risk factor.
Standard errors are reported in parentheses and are double clustered at the date-, security-level: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Dependent variable: ∆ log VRPi,t

(1) (2) (3) (4) (5) (6)
Market-maker state variable Zt TED Spread Broker Leverage Capital Risk
InvRiski,t 0.331 0.278 0.896∗∗∗ 0.807∗∗∗ 1.129∗∗∗ 1.035∗∗∗

(0.290) (0.256) (0.127) (0.138) (0.147) (0.176)
InvRiski,t× TEDt 1.699∗∗ 1.585∗∗

(0.695) (0.721)
InvRiski,t× AEMLevt −0.914∗∗∗ −0.914∗∗∗

(0.214) (0.276)
InvRiski,t× HKMRiskt −0.542∗∗∗ −0.534∗∗∗

(0.119) (0.161)
TEDt 0.049∗∗∗

(0.016)
AEMLevt 0.018∗∗∗

(0.004)
HKMRiskt 0.008∗∗

(0.003)
∆ log VRPi,t−1 −0.059∗∗∗ −0.087∗∗∗ −0.062∗∗∗ −0.087∗∗∗ −0.060∗∗∗ −0.087∗∗∗

(0.017) (0.021) (0.018) (0.021) (0.018) (0.021)
Sample All All All All All All
Security FE Yes Yes Yes Yes Yes Yes
Time FE No Yes No Yes No Yes
Observations 12,342 12,342 12,342 12,342 12,342 12,342
Adjusted R2 0.018 0.175 0.030 0.177 0.020 0.175
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Systematic or idiosyncratic risk?

Table 3.10 presents evidence that changes in the variance risk premia of equity index options is driven

by changes in systematic variance risk, while changes in the variance risk premia of single-name equity

options is driven by changes in idiosyncratic variance risk. In particular, Table 3.7 shows evidence that

the marginal effects of inventory risk differ dramatically between equity options and equity index options.

Table 3.10, Panel A shows that the inventory risk distribution for equity options has a positive median

but skews more heavily to the left, implying volatility risk due to larger-than-average net-short positions

of market makers. Table 3.10, Panel B shows that for the subsample of equity index options written on

the S&P 100 and Nasdaq-100, inventory risk matters most for systematic variance risk premia. As option

market makers accumulate net short option positions, increases in volatility risk lead to low systematic

variance risk premia but economically insignificant changes in the idiosyncratic variance risk premia of

equity index options. The decrease in variance risk premia, reflecting compensation for inventory risk, is

time-varying – as broker-dealer leverage falls, option market makers demand even more compensation

resulting in even lower systematic variance risk premia. The effect through systematic variance risk is

intuitive: since equity index options effectively hedge out a large part of (common) idiosyncratic variance

risk, market makers are less sensitive to changes in idiosyncratic variance.

In contrast, Table 3.10, Panels C and D shows that in the subsample of equity options that are constituents

of the S&P 100 and Nasdaq-100, the changes in variance risk premia are driven primarily by changes in

idiosyncratic variance risk which is affected by the inventory risk of option market makers. In particular, I

find that increases in inventory risk as a market maker holds net short positions imply higher compensation

and hence lower idiosyncratic variance risk premia. I find no evidence that inventory risk is reflected in the

pricing of systematic variance risk in equity options. Panel D shows that particularly large marginal effects

of inventory risk are estimated from the subsample of Nasdaq-100 constituents. There may be several

reasons including the relative illiquidity (Fama and French (1992) and Huang and Stoll (1996)) and stock

volatility (Schwert (2002)) of Nasdaq stocks. A one percent increase in the inventory risk for option market

makers with a net short option position decreases the variance risk premium by 67 basis points for OEX

constituents but by 88 basis points for NDX constituents in the comparison of marginal effects in Column

(7) between Panel C and Panel D. The effect of inventory risk on idiosyncratic variance risk premia is

time-varying: as broker-dealer leverage falls, thereby tightening financial constraints, option market makers

demand higher compensation for any given level of inventory risk. Market makers may attempt to hedge

the systematic variance risk of equity options by buying equity index options for example, but hedging

against (common) idiosyncratic variance risk may prove more difficult; as a result, I find evidence that
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Table 3.10: Variance risk premia is affected by option market makers’ financial constraints

This table reports summary statistics and OLS regression estimates of daily changes in the one-month log variance risk premium
∆ log VRPi,t (Column (1)), systematic risk premium ∆ log VRPsys

i,t (Column (2)), and idiosyncratic risk premium ∆ log VRPeps
i,t (Column

(3)) on the contemporaneous level of inventory risk, InvRiski,t for equity indices (OEX and NDX) in Panel B, OEX constituents in
Panel C, and NDX constituents in Panel D:

∆ log VRP·i,t = αi + γt + βInvRiski,t + ψ∆ log VRP·i,t−1 + εi,t

where ∆ log VRPsys
i,t and ∆ log VRPeps

i,t are constructed using the decomposition of variance risk premia following Proposition 3.1. All
specifications include control for lagged dependent variable, security- and date-fixed effects. Columns under Mean, StdDev, Skew, p25,
p50, and p75 in Panel A report the sample average, standard deviation, skewness, 25th percentile value, median and 75 th percentile
value respectively. Standard errors are reported in parentheses and are double clustered at the date-, security-level: ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01.

Panel A: Summary statistics for InvRiski,t

Mean StdDev Skew p25 p50 p75
Index -31297.93 139877.98 -0.35 -82140.39 -17699.12 8367.75
OEX Constituent -144.98 2874.53 -3.53 -210.63 14.25 287.98
NDX Constituent -161.50 2077.56 -2.88 -202.54 1.75 168.07

Panel B: Indices OEX and NDX

Dependent var: ∆ log VRPi,t ∆ log VRPsys
i,t ∆ log VRPeps

i,t
(1) (2) (3) (4) (5) (6) (7)

InvRiski,t 0.673∗∗ 0.976∗∗ 1.287∗∗ 1.080∗∗∗ −0.006∗∗ −0.006∗∗ −0.003∗∗∗

(0.265) (0.365) (0.483) (0.008) (0.003) (0.003) (0.001)
InvRiski,t × AEMLevt −2.467∗∗∗ −1.666∗∗∗ 0.001 0.001 −0.4e-4

(0.345) (0.274) (0.003) (0.003) (0.003)
AEMLevt −0.2e-4 0.0001

(0.089) (0.001)
Time FE Yes Yes Yes No Yes Yes No
Observations 67 67 67 67 67 67 67
Adjusted R2 0.176 0.068 0.535 0.490 0.129 0.129 0.104

Panel C: OEX Constituents

Dependent var: ∆ log VRPi,t ∆ log VRPsys
i,t ∆ log VRPeps

i,t
(1) (2) (3) (4) (5) (6) (7)

InvRiski,t 2.769∗∗∗ −1.010 −0.964 −0.336 0.768∗∗ 0.811∗∗ 0.673∗

(0.642) (3.707) (3.779) (2.726) (0.369) (0.375) (0.373)
InvRiski,t × AEMLevt 1.455 0.770 1.364 1.333

(6.017) (4.487) (1.066) (1.167)
AEMLevt −0.004 −0.002

(0.022) (0.004)
Time FE Yes Yes Yes No Yes Yes No
Observations 12,434 12,434 12,434 12,434 12,434 12,434 12,434
Adjusted R2 0.174 0.088 0.088 0.054 0.059 0.059 0.046

Panel D: NDX Constituents

Dependent var: ∆ log VRPi,t ∆ log VRPsys
i,t ∆ log VRPeps

i,t
(1) (2) (3) (4) (5) (6) (7)

InvRiski,t 3.797∗∗∗ −1.378∗ −1.338∗ −1.468 2.184∗∗∗ 2.116∗∗∗ 0.879∗

(1.113) (0.788) (0.773) (0.788) (0.675) (0.654) (0.520)
InvRiski,t × AEMLevt 11.254 9.921 1.929 2.536∗∗

(13.371) (7.069) (1.700) (1.109)
AEMLevt 0.030 −0.008

(0.026) (0.007)
Time FE Yes Yes Yes No Yes Yes No
Observations 5,110 5,110 5,110 5,110 5,110 5,110 5,110
Adjusted R2 0.154 0.114 0.114 0.028 0.088 0.088 0.072
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changes in inventory risk matters much more for changes in idiosyncratic variance risk premia.

3.6 Conclusion

This paper decomposes the total variance risk premia into its systematic and idiosyncratic risk premium

components using equity index options written on the S&P 100 and the Nasdaq-100, and equity options

written on index constituents. I find that while systematic return variance earns a strongly negative price

of risk, (common) idiosyncratic return variance earns a positive price of risk. To be clear, the priced

idiosyncratic variance risk I identify is not the truly idiosyncratic variance risk but the risk that common

movements in the variance of idiosyncratic returns covaries positively with the stochastic discount factor

of the marginal investor. I show evidence that both types of variance risk are priced risk factors in the

cross-section of equity returns while only systematic variance risk is an important factor in the equity index

option. This leads to a natural explanation for the different risk price estimates between equity options

and equity index options despite the fact that the index process is simply a weighted sum of individual

constituent processes. Moreover, I find evidence that sheds more light on the variance pricing differences

between equities and equity options – equities do not load in a systematic manner onto the (common)

idiosyncratic variance risk factor and hence total variance risk is driven by the systematic component which

earns a negative price of risk.

The second main contribution of the paper is to tie the pricing of variance risk to the inventory risk

of constrained option market makers. I show that increases in inventory risk from an option vega view

leads option market makers to reprice variance risk premia higher as a function of their larger required risk

compensation. As option market makers become more financial constrained, as proxied for by financing or

leverage constraints, their required compensation for bearing volatility risk through their option inventory

increases.

There are several directions for future research. The option inventory data in this paper is incomplete in

the sense that it is not the full panel dataset as a result of the scraping method used to collect this data.

Obtaining the complete record of option demand can yield a more thorough examination of option pricing

from an intermediary-based perspective. For example, if financial intermediaries play such an important

role in the pricing of equity options, an option pricing model which explicitly accounts for inventory risk

and local demand imbalances will offer a more realistic view of the return and risk distribution of option

returns, especially on those options which are relatively less liquid. These pricing implications can then

be taken to further investigate intermediary financial constraints, and to potentially price equity, equity

options and equity index options jointly. Finally, future research can explore the pricing implications of
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inventory risk to other asset and derivative markets such as commodities or rates.
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Appendix A

Appendix to Chapter 1

A.1 Proof of Proposition 1.1

Proof of Proposition 1.1. First, notice that all the date-0 transactions are sunk at date 0+. They will not

play a role in the APs’ creation/redemption decisions. Hence, by condition (1.1), the APs’ problem is

reduced to:

max
z
−E0[exp(−θŴ)] ,

where

Ŵ =

(
dB −

λ

2
(xB− + yB − z)

)
(xB− + yB − z) + dE(yE + z)− µ

2
z2 .

Since dB and dE are joint normal and have the same mean d̄, the problem translates into:

maxz d̄(xB− + yB + yE)−
λ

2
(xB− + yB − z)2 − µ

2
z2

−1
2

θσ2 ((xB− + yB − z)2 + 2ρ(xB− + yB − z)(yE + z) + (yE + z)2) .

Taking first order condition with respect to z and re-arranging lead to the result.
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A.2 Proof of Proposition 1.2

Proof of Proposition 1.2. Similar to the proof of Proposition 1.1, since dB and dE are joint normal, the

APs’ full problem translates into:

maxyB ,yE d̄(xB− + yB + yE)− d̄yB − pEyE

+cB1{(xB−+yB)<0}(xB− + yB) + cE1{yE<0}yE

−λ

2
y2

B −
λ

2
(xB− + yB − z)2

−µ

2
z2

−1
2

θσ2 ((xB− + yB − z)2 + 2ρ(xB− + yB − z)(yE + z) + (yE + z)2) ,

(A.1)

where the first row denotes the expected profits from the arbitrage arms, the second row denotes total

short costs, the third row denotes total transaction costs due to bond illiquidity, the fourth row denotes

creation/redemption fees, and the fifth row denotes the certainty equivalence of the imperfectly hedged

risks.

Plugging the optimal creation/redemption rule (1.2) into problem (A.1), taking first order conditions

with respect to yE and yB and solving the linear system leads to the following results:

y∗E = − λ(λ+2µ)(pE−d̄−ĉE)+θσ2((3λ+µ−2λρ)(λ((pE−d̄−ĉE)+(λ+µρ)ĉB+λ(λ+µρ)xB− )+θ2σ4(1−ρ2)(pE−d̄+ĉB−ĉE+λxB− )

θσ2(λ(λ+2µ)+θσ2(1−ρ2)(λ+µ))
,

y∗B =
λ(pE − d̄ + ĉB − ĉE) + µ(ρpE − ρd̄ + ĉB − ρĉE)− λµxB− + θσ2(1− ρ2)(pE − d̄ + ĉB − ĉE − µxB− )

λ(λ + 2µ) + θσ2(1− ρ2)(λ + µ)
,

z∗ =
λ((pE − d̄− ĉE)(2− ρ) + ĉB + λxB− ) + θσ2(1− ρ2)(pE − d̄ + ĉB − ĉE + λxB− )

λ(λ + 2µ) + θσ2(1− ρ2)(λ + µ)
,

(A.2)

where ĉB = cB1{(xB−+y∗B)<0} and ĉE = cE1{y∗E<0} are the effective short costs when short positions are

established at date 0. This gives condition (1.3) in Proposition 1.2.

Corollaries 1.1 and 1.2 immediately follow comparative statics of z∗ with respect to various model

parameters. Specifically, when xB− is sufficiently small, by the continuity of z∗ with respect to xB− , I

consider:

z∗(xB− )|xB−=0 =
λ((pE − d̄− ĉE)(2− ρ) + ĉB) + θσ2(1− ρ2)(pE − d̄ + ĉB − ĉE)

λ(λ + 2µ) + θσ2(1− ρ2)(λ + µ)
,
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and comparative statistics with respect to pE − d̄, σ2, λ, cB, and cE lead to Predictions i), ii), iii), and iv) in

Corollary 1.1.

On the other hand, when xB− is sufficiently large relative to pE − d̄, by the continuity of z∗ with respect

to pE − d̄, I consider:

z∗(pE − d̄)|pE−d̄=0 =
λ(ĉB − ĉE(2− ρ) + λxB− ) + θσ2(1− ρ2)(ĉB − ĉE + λxB− )

λ(λ + 2µ) + θσ2(1− ρ2)(λ + µ)
,

and comparative statistics with respect to xB− , σ2 and λ, cB, and cE lead to Predictions vi) and vii) in

Corollary 1.2.

Finally, conducting comparative statistics of z∗ with respect to xB− leads to Prediction v) in Corollary

1.2.
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Appendix B

Appendix to Chapter 2

B.1 Robustness of price impact result

I conduct placebo tests to show the robustness of the price impact result presented in Table 2.4 and

Table 2.9. First consider running Equation 2.1 but on simulated data where the data-generating process for

the weekly aggregated amount of new Treasuries taken at auction are taken without replacement from

the set of realized auction amounts absorbed. Figure B.1 plots the distribution of contemporaneous t (in

red) and lagged t− 1 (in blue) coefficient estimates of the effect from the amount of Treasuries awarded

to competitive bids onto corporate bond excess returns for placebo regressions where the amount of new

Treasuries awarded are randomly permuted across different dates over the sample period January 1, 2005

to December 31, 2012. The empirical distribution over 500 samples is plotted along with the univariate

Epanechnikov kernel density estimate. The actual contemporaneous t (in red) and lagged t− 1 (in blue)

coefficient estimates are indicated by the solid lines, and the 95th confidence interval by the dashed lines.

The placebo coefficient estimates are centered around no effect for both the contemporaneous and

lagged price impact. The actual coefficient estimates are at the tails (< 1%) of the empirical distribution

suggesting that the cross-asset price effect is not a statistical artifact, and that large Treasury auctions

generate sizable and significant price impacts in the corporate bond market.

Second, I present a robustness check against the trading strategy evidence of cross-asset price effects. To

demonstrate that the trading strategy does not simply perform well due to secular trends in interest rates

and rather performs well due to the relationship between Treasury issuance and corporate bond returns,

I consider trading strategies which shift the short and long positions taken before and after the auction.

Specifically, I consider four trading strategies in the hypothetical OTC portfolio around the auction of a
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Figure B.1: Placebo test of cross-asset inventory effects

This figure plots the histogram of coefficient estimates from a placebo test of 500 samples permuted from realized auction amounts.
The red bars and vertical lines correspond to the contemporaneous effect; blue bars and vertical lines correspond to the reversal effect
in the following week.

coupon-bearing Treasury of maturity m:

A Sell the portfolio if there is going to be an auction in two weeks; buy the portfolio in the subsequent

week (one week before the auction)

B Sell the portfolio if there is going to be an auction in four weeks; buy the portfolio in the subsequent

week (three weeks before the auction)

C Sell the portfolio if there is was just an auction one weeks ago; buy the portfolio in the subsequent

week (two weeks after the auction)

D Sell the portfolio if there is was just an auction three weeks ago; buy the portfolio in the subsequent

week (four weeks after the auction)

In all strategies, if neither conditions hold then the portfolio is neither long nor short, and all positions
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are closed at the end of the week when they are initiated. Table B.1 presents the risk-return characteristics

of these shifted trading strategies with all average returns annualized and in excess of the one-month

Treasury bill.

Table B.1: Placebo test using a hypothetical equal-weight corporate bond portfolio

This table presents the return characteristic of placebo trading strategies using in bond portfolios around Treasury auction dates. Panel
A considers the trading strategy which sells the bond portfolio if there is going to be an auction in two weeks and buys the portfolio
in the subsequent week; Panel B considers the trading strategy which sells the bond portfolio if there is going to be an auction in
four weeks and buys the portfolio in the subsequent week; Panel C considers the trading strategy which sells the bond portfolio in
the week following an auction and buys the portfolio in the subsequent week; and Panel D considers the trading strategy which
sells the bond portfolio in three weeks following an auction and buys the portfolio in the subsequent week. The trading strategies
consider trading around the 2-year, 5-year and 10-year Treasury note auctions. Mean returns and the standard deviation of returns are
reported. The Sharpe ratio is equal to the mean return divided by standard deviation of strategy returns.

m 2-year Note 5-year Note 10-year Note
Panel A: Sell (buy) two (one) weeks before auction

Mean return -0.0734 -0.0635 -0.00647
Standard deviation of returns 0.0482 0.0446 0.0439
Sharpe ratio -1.524 -1.424 -0.147

Panel B: Sell (buy) three (two) weeks before auction
Mean return 0.000850 0.00219 -0.0314
Standard deviation of returns 0.0370 0.0417 0.0472
Sharpe ratio 0.0230 0.0526 -0.667

Panel C: Sell (buy) one (two) weeks after auction
Mean return -0.00706 -0.0194 -0.0507
Standard deviation of returns 0.0348 0.0399 0.0409
Sharpe ratio -0.203 -0.486 -1.239

Panel D: Sell (buy) three (four) weeks after auction
Mean return -0.0230 -0.0119 0.00968
Standard deviation of returns 0.0397 0.0381 0.0500
Sharpe ratio -0.578 -0.312 0.194

The positive low or negative Sharpe ratios in Table B.1 suggest that the risk-return distribution in Table

2.9 that sell on the weeks of large Treasury auctions and subsequently long the corporate bond assets the

following week are robust. In particular, the negative average excess returns imply that following the

“issuance” strategy outlined in Section 2.4.4 but shifted either forward or backward loses money. Dealers in

these non-auction weeks are compensated for bearing the risk of corporate bond inventory; when there

is no cross-asset price impact caused by the Treasury auctions, corporate bonds earn positive returns on

average and corporate bond selling pressure is low.

B.2 Proof of Proposition 2.1

Proof of Proposition 2.1. The proof follows from DeMarzo and Urošević (2006) and Newman and Rier-

son (2004): The intermediary’s wealth dynamics in (2.4) is derived by noting W(t) = M(t) + PC(t)qC(t) +
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PT(t)qT(t). The intermediary’s holdings of the risk-free asset Y(t) is given by:

dY(t) = [rY(t) + (qC(t) + qT(t)) µ− c(t)] dt− PC(t)dqC(t)− PT(t)dqT(t) +

qC

qT


′

ΣdZ(t) (B.1)

Define the risk premia on the assets C and T as:

πi =
dpi(t)

dt
+ µ− rpi(t), i = {C, T} (B.2)

Substituting (B.2) into (B.1) yields the wealth dynamics (2.4). The Bellman equation implied by the

intermediary’s maximization problem in (2.3) and constraints (2.4) and (2.5) is given by:

sup
c,(qC ,qT)∈Γ

[
JW (rW + PCqC + PTqT − c) + Jt − rJ (B.3)

+ σ2
(

1
2
(q2

C + q2
T) + ρqCqT

)
− e−αc

α

]
= 0 (B.4)

where Jx = ∂J(x)
∂x and the time dependent arguments are suppressed.

Guess the conjectured solution to (B.4) as:

J(W, t) = − e−αr(W+m)

αr
(B.5)

where m is a function dependent only directly on parameters and time t.

By the envelope theorem, the first order condition with respect to c implied by (B.4) is given by:

JW = eαc (B.6)

Finally assuming that the conjectured solution (B.5) holds (to be verified), the derivatives of the indirect

utility J are given by:

Jt = −αrJ
∂m
∂t

(B.7)

JW = −αrJ (B.8)

JWW = α2r2 J (B.9)

Substituting (B.7), (B.8) and (B.9) into (B.4) and maximizing with respect to qC and qT yields the

following optimality conditions:

0 = e−αr(m+W)
(

πC − αrσ2 (qC + ρqT)
)

(B.10)

0 = e−αr(m+W)
(

πT − αrσ2 (ρqC + qT)
)

(B.11)
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Substituting the inventory constraint (2.5) into (B.10) and (B.11) and solving the system of equations

yields the risk premia for the assets:

πC =
αrσ2e−λt {(ρψC − ψT)

(
s + S̄eλt)+ q̄eλt}

ψC
(B.12)

πT =
αrσ2e−λt ((ψC − ρψT)

(
s + S̄eλt)+ ρq̄eλt)

ψC
(B.13)

Integrate the risk premia defined in (B.2) to obtain: Pi(t) =
∫ ∞

t e−r(s−t)(µ− πi(t))ds for i = {C, T}, and

substitute in (B.12) and (B.13) and the equilibrium inventory levels qC and qT in (2.2), to find the price path

PC(t) and PT(t) in (2.6). Inventory levels in (2.7) are obtained by solving the system of equations (B.12) and

(B.13) and then substituting in the equilibrium inventory levels qC and qT in (2.2).

To verify the conjectured solution (B.5), substitute (B.5), (B.7), (B.8), (B.9), (B.12), (B.13) and the optimal

consumption policy implied by (B.6) and (B.7) into (B.4) yields the ordinary differential equation which

pins down m:

αrσ2
(

2ρqC(t)qT(t) + qC(t)2 + qT(t)2
)
− 2rm(t) + 2m′(t) = 0

Verification of the solution’s optimality follows closely the proof in Newman and Rierson (2004) and is

left for reference.

B.3 Model calibration

To illustrate the price path implied by the model in Section 2.6, parameters governing the economy and

asset dynamics are calibrated to their empirical counterparts in the data and literature. The risk-free rate (r)

is set to 4.5% based on the long-run time series average of nominal five- and ten-year interest rates. Cash

flow growth (µ) is set to match the average nominal growth rate of aggregate corporate profits; cumulative

dividend volatility σ is set to 10%. The cross-asset correlation between the Treasury and corporate bond is

set to 0.6 which reflects the historical correlation between the Barclays Capital U.S. Treasury Bond Index

and the Barclays U.S. 5-10 Year Corp Index. The coefficient of relative risk aversion α is set to 2. The

meeting intensity is set to 0.2 which implies 1.5 meetings a week, consistent with the median time since last

trade for bonds in the data sample. Finally, set the bond holding constraint q̄ = 4 and consider a 100% risk

weighting for the corporate bond asset (ψC = 1) and a 10% risk weighting for the Treasury asset (ψT = 0.10).

The long-run target inventory level of the intermediary is arbitrarily set to S̄ = 2 with a Treasury auction

shock of s = 10. The shock s then represents a five-fold increase in new Treasury issuances absorbed by

the intermediary, a similar magnitude to a one standard deviation increase in the weekly amount of new

Treasury notes absorbed in the data.
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Figure B.2 plots the same-asset price impact in Treasuries and a smaller price impact for the corporate

bond following a supply shock in Treasuries. Specifically, the Treasury price falls from 0.93 to 0.75 at auction

and increases to 0.88 after one week; the week following the Treasury auction, the Treasury bond price

continues to increase back to its natural price level of 0.93. Corporate bonds also experience a cross-asset

price impact, with the corporate bond price falling from 0.91 to 0.82 at issuance. The price impact in

corporate bonds is smaller in magnitude to the same-asset price impact from Treasury auctions.
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Figure B.2: Same-asset and cross-asset price impact with calibrated parameters.

This figure plots the price path of the Treasury (in orange) and corporate bond (in blue) assets implied using the calibration of the
model presented in Section 2.6. The x-axis reflects time in weeks while the y-axis is the price of the asset, assuming $1 face value
bonds.

The smaller cross-asset impact is consistent with the partial transmission of a duration shock from the

Treasury bond to the corporate bond. The yield to maturity of the consol bonds are given by the ratio

of the coupon rate to the price of the bond; the credit spread is subsequently the difference in the yield

to maturity of the corporate bond less the yield to maturity of the Treasury bond. Figure B.3 plots the

resulting credit spread from the Treasury supply shock. The credit spread falls initially as the yield on the

corporate bond remains sticky while the yield on the Treasury bond increases disproportionately due to

the larger price impact. These dynamics result in a credit spread compression that ultimately reverts to a

long-run positive spread after two weeks. The credit spread compression is consistent with this paper’s

empirical findings of the credit contribution to price impact. The cross-asset price impact on credit spreads

is moreover consistent with Krishnamurthy and Vissing-Jorgensen (2011) who show that large purchases of

mortgage-backed securities, in addition to the first-order reduction in duration risk premium, may have

also generated a smaller second-order effect by driving down corporate credit risk and thus corporate

yields. Mamaysky (2014) suggests that the more extreme market segmentation view of Krishnamurthy and
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Vissing-Jorgensen (2013) may actually understate the second-order effect by a magnitude if the effect is

measured over the window of a few days or weeks.

5 10 15 20
t

-50

-40

-30

-20

-10

10
Credit Spread

Figure B.3: Impact on credit spread with calibrated parameters.

This figure plots the impact on the credit spread of the corporate bond asset using the calibration of the model presented in Section
2.6. The x-axis reflects time in weeks while the y-axis is corporate bond credit spread in basis points.

Finally, using the calibrated parameters, Figure B.4 plots the comparative statics from the baseline

parameters. The cross-asset price impact from the Treasury bond supply shock is larger the more correlated

cash-flows of the corporate bond are with cash-flows of the Treasury bond, the larger the size of the

Treasury supply shock, the higher the corporate bond risk weighting relative to the Treasury bond risk

weighting, and the more volatile the cash-flows of the corporate bond are.

While the effect of increasing the correlation coefficient, size of the supply shock and asset volatility

generates a larger corporate bond price decrease through time, increases in the relative corporate bond risk

weighting generates the largest impact in corporate bond prices only immediately following the Treasury

supply shock. Intuitively, the risk averse intermediary demands a large price discount even for a small

holding of corporate bond inventory and more so when the new Treasury bond issue tightens his total

inventory constraint. Given the relatively large risk weight for corporate bonds, the intermediary optimally

draws down rapidly on the corporate bond inventory level despite its larger risk premia. By selling down

the corporate bonds quickly to the natural holders of the corporate bonds, the corporate bond price reverts

most rapidly when the relative corporate bond risk weighting is largest, since the marginal investor is more

likely to be the long-term investor.
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Figure B.4: Comparative statics with calibrated parameters.

This figure plots the comparative statics implied using the calibration of the model presented in Section 2.6. The price path of the
corporate bond is shown for for varying levels of correlation between the cash-flows of the corporate bond and Treasury bond ρ
(Panel A); size of Treasury auction shock s (Panel B); relative weighting of corporate bond risk relative to Treasury bond risk ψC/ψT
(Panel C); and corporate bond cash-flow volatility σ (Panel D). In each panel, the x-axis reflects time in weeks while the y-axis is
corporate bond credit spread in basis points.
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Appendix C

Appendix to Chapter 3

C.1 Estimation of systematic and idiosyncratic variance swaps and

variance risk premiums

C.1.1 Index constituents and market capitalization

From January 1, 1996 to April 29, 2016, historical equity constituents in the S&P 100 (OEX) and Nasdaq-

100 (NDX) indices are obtained from the Compustat Index Constituents file. For each equity in this sample,

a link table between CRSP, Compustat, NYSE Trade and Quote (TAQ) and OptionMetric identifiers are

constructed using link tables provided by WRDS. The market capitalization of each equity is computed

from CRSP; since both the OEX and NDX are (modified) market-weighted indices, the index constituent

weight is equal to the normalized market capitalization.1

C.1.2 Factor loadings

Factors are first estimated by applying a latent factor analysis using quasi-maximum likelihood and

varimax rotation on the cross-section of constituent and index returns. For identification with two equity

indices, I choose the first two orthogonal factors. Time-varying factor loadings for each asset are then

estimated via Kalman filter. Specifically, for each asset, given their returns r·,t and the factor vector Ft,

I assume that that factor loadings β·,t follow a random walk: β·,t+1 = β·,t + ε·,t+1, ε·,t ∼ N (0, Σε) and

diag(Σε) =

(
σ
(11)
ε 0 0 σ

(22)
ε

)
. The measurement equation is r·,t = β′·,tFt + ηn,t. The Kalman filter

1This computation may differ from the historical index weight as a result of discrete rebalance dates which deal with index
inclusions and exclusions, or with share adjustments resulting from repurchases, seasoned equity offering and other corporate finance
activities.
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returns the filtered estimates of factor loadings β·,t. Alternatively, assuming constant factor loadings, β· are

obtained by linear regression. This estimation procedure returns Ft and β·,t.

C.1.3 Realized volatility

Realized variance is computed from high-frequency return data over all trading days during the contract

maturity τ. From the NYSE Trade and Quote Database, I obtain intraday equity trading data spaced at

five-minute intervals (∆ = 288). The following data filters are applied: 1) trades with time stamps outside

the 9:30am to 4:00pm window when the exchange is open are dropped, 2) trades with transaction price

equal to zero are dropped, 3) keep only trades originating from AMEX, NYSE or Nasdaq exchanges,

4) entries with corrected trades or abnormal sale conditions are dropped. Let pn,j ≡ ln Pn,j denote the

logarithmic price of asset n at the end of the jth interval. The (annualized) realized variance is then given

as RV·,t = 365
τ ∑τ∆

i=1
(

pn,j − pn,j−1
)2. However this estimator constructed from high frequency data will be

inconsistent in the presence of microstructure noise. The choice of five-minute frequency is a trade-off

between accuracy, which is theoretically optimized using the highest frequency possible, and microstructure

noise, that can arise as a result of bid-ask bounce, asynchronous trading, infrequent trading, and price

discreteness. I address the microstructure noise by applying a filter; specifically, I adjust the estimator using

the subsampling method of Aït-Sahalia et al. (2011) resulting in a consistent nonparametric estimator for

stochastic volatility plus noise processes. Their two-time-scale estimator of integrated variance under the

assumption of possibly dependent microstructure noise is given as:

RVAMZ
·,t =

(
1− n̄(K)

t

n̄(J)
t

)−1(
RV(AL)
·,t,K −

n̄(K)
t

n̄(J)
t

RV(AL)
·,t,J

)

where the full grid of daily 5-minute intervals are partitioned into K nonoverlapping subgrids, J is the

average lag for which RV(AL)
·,t,J = 1

J ∑nt−J
i=0

(
r·,t,i+J − r·,t,i

)2 and r·,t,i = p·,t,i − p·,t,i−1, nt is the number of

observations in the full grid, n̄(K)
t = nt−K+1

K , n̄(J)
t = nt−J+1

J and 1 ≤ J ≤ K ≤ nt. A small sample correction

term results in the scaling
(

1− n̄(K)
t

n̄(J)
t

)−1
. I choose J = K = 6 in the estimation. In the case when RVAMZ

·,t

cannot be estimated, the realized variance is calculated using RV·,t from CRSP end-of-day prices (∆ = 1).

This procedure results in RV·,t.

C.1.4 Implied volatility

Implied volatility (IV) of equities and indices, analogously variance swap rates by (3.8), are estimated

using one-month options from the Volatility Surface provided by OptionMetrics’ IvyDB. The standardized

Volatility Surface provides a number of strikes sufficiently fine such that a discretization of (3.6) in the
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numerical integration has minimal impact on the estimation of the risk-neutral variance.2 For each day, I

take the IV grid from the Volatility Surface; for moneyness beyond the available range, the endpoint IV

is used to extrapolate option value. I linearly interpolate IV at different moneyness levels resulting in a

fine grid of 2,000 implied volatility points with a strike range of ±8 standard deviations from the current

spot price. Given the grid of IV, I then compute the out-of-the-money option prices using the Black-Scholes

formula and replicate the discretization of (3.6). The zero-coupon bond rate is obtained from OptionMetrics’

IvyDB Zero Curve file; the one-month zero-coupon interest rate is obtained via piecewise cubic Hermitean

interpolation polynomials. This procedure results in VS·,t. In conjunction with the estimation procedure

from Appendix C.1.3 and applying (3.7), I obtain VRP·,t.

C.1.5 Estimation

Assume orthogonal factors and known factor exposures. Given the variance swap rates on the index

VSI,m,t and on constituent equities {VSn,t} from Appendices C.1.3 and C.1.4, the variance swap rates

on the systematic and idiosyncratic return components are estimated as follows. Construct a weighted

portfolio exposed only to the systematic return component by going long the index variance swap and

short the weighted basket of constituent equity variance swaps. This construction generates a 1×M vector

of long-short swap rates, yt that depends only on the systematic return factor variance swap:

yt = VS′tΩt + εt

with each element of yt equal to ym,t ≡ VSI,m,t − ∑
N(m)
n=1 w2

n,m,tVSn,t, the ns × 1 vector of systematic

variance swaps VSt =

(
VS(1)

t . . . VS(ns)
t

)′
, and the 1×M vector of error terms εt which sweeps up

any approximation or measurement error. The ns ×M loading matrix Ω is a function of known index

constituent weights wn,m,t constructed in Appendix C.1.1 and factor loadings β·,t constructed in Appendix

C.1.2:

Ωt =


β
(1)
I,1,tβ

(1)
I,1,t −∑

N(1)
n=1 w2

n,1,tβ
(1)
n,t β

(1)
n,t · · · β

(1)
I,M,tβ

(1)
I,M,t −∑

N(M)
n=1 w2

n,M,tβ
(1)
n,t β

(1)
n,t

...
. . .

...

β
(ns)
I,1,tβ

(ns)
I,1,t −∑

N(1)
n=1 w2

n,1,tβ
(ns)
n,t β

(ns)
n,t · · · β

(ns)
I,M,tβ

(ns)
I,M,t −∑

N(M)
n=1 w2

n,M,tβ
(ns)
n,t β

(ns)
n,t


The vector VSt can be estimated via Kalman filter given the measurement equation (C.1.5) and assuming

a transition equation for the systematic variance swap VSt. The Kalman filter returns a set of recursive

2Specifically, OptionMetrics computes the Black-Scholes IV of a traded option using a proprietary pricing algorithm that takes into
account American-style exercise premium. A kernel smoothing technique is used to compute the surface of option IV for standardized
maturities and moneyness levels based on the IV of traded options. Standard strikes correspond to deltas of 0.20, 0.25, 0.30, 0.35, 0.40,
0.45, 0.50, 0.55, 0.60, 0.65, 0.70, 0.75, and 0.80 (negative deltas for puts).
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inferences which can be in turn used to construct a log-likelihood function that is optimized with a

non-linear solver to find the optimal parameter set and state vector. Specifically, assume that VSt follows

an independent multivariate Cox-Ingersoll-Ross process: dVS(ns)
t = κ(ns)

(
VS(ns)

t −VS(ns)
t

)
+
√

σ(ns)dZ(ns)
t .

VSt can be simulated from the discretized solution to the attendant stochastic differential equation:

VS(ns)
t |Ft−1 ∼ N

(
VS(ns)

t

(
1− exp{−κ(ns)∆t}

)
+ exp{−κ(ns)∆t}VS(ns)

t−1 ,

θσ(ns)

2κ(ns)

(
1− exp{−κ(ns)∆t}

)2

+
σ(ns)

κ(ns)

(
exp{−κ(ns)∆t} − exp{−2κ(ns)∆t}

)
VS(ns)

t−1

)
Since the CIR process does not constrain values to be strictly positive, the filter first passes variables through

the continuous transformation x̃ = δ
(

exp x
1+exp x

)
which effectively constrains the optimal parameter set to

x̃ ∈ [0, δ]. During the optimization algorithm, I ensure that the estimated systematic variance swap rate

remains strictly positive. Inference is obtained by adjusting the Hessian matrix via the delta-method.

Given the (filtered) variance swap rate on the systematic return factor, the idiosyncratic variance swap

rate is given by Equations (3.9) and (3.10). Finally, since the variance risk premia follows a linear factor

structure akin to the variance swaps, I can apply the same methodology to estimate both the systematic and

idiosyncratic variance risk premia. Specifically, assume that the variance risk premia follows a Ornstein-

Uhlenbeck process: dVRP(ns)
t = κ(ns)

(
VRP(ns)

t −VRP(ns)
t

)
+ σ(ns)dZ(ns)

t . In this case VRPt is simulated

from the discretized solution to the attendant stochastic differential equation:

VRP(ns)
t |Ft−1 ∼ N

(
VRP(ns)

t

(
1− exp{−κ(ns)∆t}

)
+ exp{−κ(ns)∆t}VRP(ns)

t−1 ,

σ(ns)

2κ(ns)

(
1− exp{−2κ(ns)∆t}

))
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