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Abstract

We study aggregate collateral demand and its effect on the Treasury convenience
yield. Supervisory data reveal over $3.4 trillion of collateral temporarily removed
from circulation in collateral sinks. We find that a one-standard-deviation increase
in sunk collateral raises convenience yields by one standard deviation. We trace the
effect to lower short-term yields and wider spreads on collateral-heavy arbitrage
trades. The rapidly growing collateral swap market alleviates collateral tightness
on average but exacerbates it under stress. We estimate 70% of the March 2020
convenience yield increase was due to impaired collateral intermediation.
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Prices of safe assets such as U.S. Treasuries reflect factors beyond the frictionless risk-free
rate, as they are valued for their deep liquidity, negligible credit risk, and use as low-margin
collateral and as a high-quality liquid asset for regulatory purposes. Together these contribute
to the value of Treasuries: various estimates place the convenience yield at 25 to 100
bps (Krishnamurthy and Vissing-Jorgensen (2012), Fleckenstein and Longstaff (2024)), a
substantial flow given the $30 trillion stock of debt outstanding. Convenience yields also
exhibit substantial time variation, spiking around episodes such as the Global Financial Crisis,
the Eurozone crisis, and COVID, indicative of high demand for safety, liquidity, and good
collateral in those times.

The underlying determinants of convenience yields are harder to pin down: at any point
in time, this premium depends on current and expected supply, risk aversion, the demand for
liquidity, and other factors. Indeed, the collateral-demand aspect might not matter at all.
Because collateral can be reused (see Infante and Saravay (Forthcoming)), a small amount of
collateral circulating at a very high velocity can in principle support a considerable volume of
transactions. In the limit, a fully efficient collateral circulation would ensure that collateral
demands do not affect convenience yields at all.

In the first part of the paper, we instead document that the demand for collateral is a
first-order determinant of convenience yields. We use detailed supervisory data to construct
daily measures of the amount of collateral tied up in collateral sinks, transactions in which
collateral is temporarily removed from further circulation. Adding up the main sources of
sunk collateral—repo and securities lending, collateral swaps, margin, and the Liquidity
Coverage Ratio—we find a total of over $3.4 trillion at the end of 2025.

In contrast to the high-collateral-velocity benchmark, we show that the amount of
sunk collateral is a key driver of convenience yields. The intuition behind this result is
straightforward: securities in a collateral sink temporarily have a velocity of zero, and the
remaining securities’ convenience benefits become more valuable. The collateral channel
is important above and beyond the two commonly established drivers, credit risk and
liquidity: the collateral-sink measure increases explanatory power by about 50 percent at a
daily frequency, comparable to the marginal contribution of bid-ask spreads and double the
marginal contribution from credit risk.

In the second part of the paper, we provide evidence that sunk collateral causally drives
convenience yields. We use a granular instrument constructed from banks’ trading-desk
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notional exposures. A small number of large desks account for a disproportionate share of
derivative trading flows, so idiosyncratic shocks at those desks do not cancel out in aggregate;
since margin requirements scale with derivative positions, these shocks pass through to
aggregate collateral demand and are plausibly orthogonal to the market-wide forces that
drive Treasury convenience yields. Using this granular IV (GIV), we find that a one-standard-
deviation increase in sunk collateral, scaled by Treasuries outstanding, raises convenience
yields by 2.7 bps, roughly one standard deviation of their daily change. An alternative
estimation using idiosyncratic shocks to margin requirements results in strikingly similar
estimates.

In the third part of the paper, we trace out the impact of sunk collateral shocks and
the responses they induce in the financial sector. As collateral is a shared input across the
financial system, its availability could be imprinted on a variety of markets. We document
two such footprints. Because collateral shocks particularly affect the short end of the yield
curve, we expect them to induce a differential impact across the term structure. This is
precisely what we find: short-term convenience yield proxies are more sensitive to collateral
shocks than long-term proxies, indicating that collateral shocks contribute to a steepening
of the yield curve in times of stress. Because arbitrage trades vary in how much collateral
they require, sunk collateral shocks differentially affect the costs of various arbitrage trades.
We find that Treasury swap spreads—which since the GFC have been negative at longer
maturities and require financing a long Treasury position—are sensitive to collateral sink
shocks, while cross-currency bases and the CDS-bond basis show no such relationship. These
two examples illustrate the knock-on effects of the broader impact the measured collateral
shocks carry. Borrowing a term from the monetary literature, large shocks to collateral sinks
result in “tight collateral” and associated trades become more expensive.

Part of the increasing demand for collateral has been met by the private sector in the
form of a large—over $1 trillion—and understudied collateral swap market. A collateral
swap contract replaces one type of collateral with another and allows investors to transform
risky assets into safe assets, in effect increasing the velocity of good collateral. In practice,
such swaps are especially beneficial for meeting margin requirements by allowing investors to
exchange high-haircut securities for lower-haircut safe assets, thus lowering their capital needs.
We again use supervisory data to document a conditional role for dealers in alleviating the
need for collateral: as a group, dealers use the swap market to provide more good collateral
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in normal times, but draw on it to source collateral themselves when they are constrained.
A stark instance of this amplification mechanism is the March 2020 convenience yield

spike. As market volatility and uncertainty increased, demand for collateral rose sharply.
In normal times, dealers would respond by sourcing more high quality collateral via swaps;
however, in spring 2020 dealer constraints were tight and they instead reduced the amount of
high quality collateral provided via swaps. As a result, a full 14 bps of the 20 bps increase in
the aggregate convenience yield can be explained by tightness of intermediary constraints.
Put differently, a counterfactual in which banks maintain median intermediation capacity
reduces the effect of margin shocks to approximately zero.

To focus the analysis, we formalize the relationship between sunk collateral and convenience
yields in a simple model where Treasuries convey various convenience services—liquidity,
safety, collateral—and those services are temporarily lost once a Treasury is placed in a
collateral sink. The convenience yield, then, equals the shadow value of the Treasury’s
pledgeability. The model shows that convenience yields are increasing in sunk collateral.
The degree of pass-through from sunk collateral to convenience yields depends on dealer
constraints; banks buffer the effect by intermediating collateral swaps when constraints are
slack, but amplify it when constraints are tight and banks hoard collateral.

The substantial demand for collateral—$3.4 trillion of sunk collateral in the most recent
data, some 15 percent of privately held Treasuries—reflects both a broad trend toward
financialization and regulatory action. The breakdowns in bilateral collateral markets during
the global financial crisis imprinted on regulators and central banks worldwide the importance
of liquidity. Regulations since the GFC have collectively required the financial system to hold
and consume substantially more safe assets than before. These reforms increased safe-asset
demand by pushing bilateral transactions toward CCPs, which tend to require higher margin,
and by imposing higher capital charges on the remaining bilateral transactions. Rules designed
to make the system safer have thus become a structural source of safe-asset demand, and
that demand is unlikely to recede.

Our results imply this collateral demand will keep downward pressure on short-term
yields—in line with Fleckenstein and Longstaff (2024) who document persistent short-maturity
convenience yields alongside fading longer-horizon ones—and sustain stress on collateral-
intensive arbitrage trades, contributing to broader capital market distortions. The collateral
swap market can relieve this tightness, but only as long as dealers are able to intermediate it:
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precisely the capacity that, as March 2020 showed, can evaporate when collateral demand
peaks.

Related Literature A large literature has documented that Treasuries carry a convenience
yield, meaning they carry a lower yield or higher price than simple fundamentals suggest (Duffie
1996, Longstaff 2004, Fleckenstein et al. 2014, Fleckenstein and Longstaff 2024). Several
studies have shown how the supply and demand of safe assets affect the convenience yields,
including the role that intermediary frictions play (Krishnamurthy and Vissing-Jorgensen
2012, Greenwood et al. 2015, He et al. 2022). Acharya and Laarits (Forthcoming) show that
Treasuries’ convenience yield is time-varying and must be earned by the asset’s properties:
it tends to compress when Treasuries are less effective as a hedge. Krishnamurthy and Ma
(2024) give a comprehensive framework for these effects and explain how the equilibrium
convenience yield is jointly determined by safe-asset demand and safe-asset supply from both
public and private sources.

A closely related set of papers studies the interplay of collateral markets and safe-asset
premia. Aggarwal et al. (2021) show how safe assets in European lending markets trade at
a premium in collateral markets during stress, and how markets transform collateral when
safe assets become scarce. Infante and Saravay (Forthcoming) show a related mechanism,
the reuse of Treasuries in response to scarcity. Also related is Holm-Hadulla et al. (2024),
who show that convenience yields are multidimensional in the euro-area bond market. Using
the CDS–bond basis and granular sectoral holdings, they estimate the prices of asset-level
services—liquidity, collateral pledgeability, and regulatory capital relief—and study how
policy changes that alter these services affect bond prices and investor portfolios.

Our work is also related to studies of QE purchases but differs in that, while QE changes
the publicly available stock of Treasuries, these interventions bundle quantity effects with
policy news, expectations about future state-contingent support, and Federal Reserve holdings
can be reintroduced into markets through repo or securities-lending operation (Haddad et al.,
2024). Our setting focuses on private collateral demand through collateral sinks, where
Treasuries and other collateral are temporarily removed from circulation rather than absorbed
by the central bank.

Also related to our focus is work by Brunnermeier and Pedersen (2009) and Garleanu
and Pedersen (2011) who show that binding margin requirements and funding constraints
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can push up the price of collateral and thereby increase Treasury convenience yields. Duffie
et al. (2015) show how central clearing affects margin requirements in CDS markets.

Our paper contributes to the literature by isolating the collateral channel and its effect
on convenience yields using collateral-demand shocks. We also contribute to the literature by
showing the role that the collateral swap market plays in directly amplifying or attenuating
the pass-through of collateral demand shocks in safe asset prices.

1 Model

We present a stylized model to analyze how collateral demands affect the convenience yield on
Treasuries when they serve as collateral. The key friction is that posting Treasuries to meet
collateral requirements—putting Treasuries into a collateral sink—sacrifices their money-like
services, creating an endogenous opportunity cost.

1.1 Environment

Consider a two-period economy with dates t and t+1. The economy consists of a representative
household and a competitive set of dealers. Households trade three assets: a risky asset A
with price pA and gross return RA, a Treasury security T with price pT and gross return
RT , and a derivative contract D with zero price at time t and per-unit payoff RD, where
Et[RD] > 0. The zero price reflects the derivative’s nature as a zero-cost position, such
as a futures contract; it is used as a parsimonious device for generating an initial-margin
requirement. The derivative requires initial margin M per unit of derivative position d

and accepts both Treasuries and risky assets as collateral, subject to haircuts hT and hA,
respectively, where hT < hA < 1. When an investor posts asset i ∈ {T,A} as collateral, each
unit delivers (1− hi)pi units of post-haircut margin.

A key friction in our model is that unencumbered Treasuries—those not posted as margin
or otherwise committed—provide money-like convenience services to their holders. The
household’s preferences are given by:

U = u(ct) + Et [βu(ct+1)] + Ω(T u), (1)
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where T u denotes the quantity of unencumbered Treasuries, and Ω(·) is increasing and
concave, capturing the non-pecuniary benefits of holding liquid, safe assets.

1.2 Household Problem

The household enters period t with an endowment y and selects unencumbered and encumbered
asset positions (Au, T u, Am, Tm), where superscript u denotes unencumbered holdings and
superscript m denotes assets posted directly as margin. Total risky-asset holdings are
A = Au +Am + s, where s denotes risky assets delivered to dealers in collateral swaps. Total
Treasury holdings owned by the household are T = T u + Tm. The household also chooses
its derivative position d ≥ 0 and may engage in collateral swaps, obtaining q ≥ 0 units of
Treasuries via dealers to post as additional margin. All asset positions are nonnegative unless
otherwise noted.

The household faces the following budget constraints:

ct = y − pA(Au + Am + s)− pT (T u + Tm)− f(χ)q − κ(Am), (2)

ct+1 = pA(Au + Am + s)RA + pT (T u + Tm)RT + dRD. (3)

The term f(χ)q is the fee paid for collateral swap services, where f(χ) denotes the per-unit
fee and χ parameterizes the state of dealer balance sheets. The function κ(Am) is a small
convex cost of posting risky assets directly as margin. The household receives payoffs from
all its asset holdings at t + 1, including the s units temporarily delivered to dealers, since
swaps unwind at the end of period t.

The derivative’s margin requirement is:

(1− hT )pT (Tm + q) + (1− hA)pAAm ≥Md. (4)

When engaging in a collateral swap, the household delivers s units of the risky asset to a
dealer and receives q units of Treasuries for posting. The exchange ratio reflects dealer-specific
haircuts (hTd , hAd ):

q = (1− hAd )pA
(1− hTd )pT

s. (5)
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For the marginal swap condition below, we focus on the local region in which the risky asset
delivered to the dealer is reallocated from the household’s unencumbered risky-asset holdings,
so the swap does not require an additional marginal purchase of the risky asset.

Let mt+1 ≡ β u
′(ct+1)
u′(ct) denote the household’s stochastic discount factor. Let η ≥ 0 denote

the Lagrange multiplier on the margin constraint (4) in utility units. The consumption-unit
shadow value of margin capacity is therefore η/u′(ct). Finally, define λT ≡ Ω′(Tu)

u′(ct) as the
shadow value of holding an unencumbered Treasury in consumption units. The household’s
optimization yields the following first-order conditions. For unencumbered Treasuries, the
standard Euler equation is modified by the convenience benefit:

1 = Et[mt+1RT ] + λT
pT
. (6)

This implies that the convenience yield on Treasuries, defined as CYT ≡ λT

pT
is given by

CYT = 1 − Et[mt+1RT ]. In contrast, for an interior freely traded risky-asset position, the
risky asset provides no convenience services, so its ordinary Euler equation is:

1 = Et[mt+1RA]. (7)

The decision to post Treasuries as margin reflects a trade-off between the margin value
and the forgone convenience services. If the household posts its own Treasuries, the marginal
value of the post-haircut margin they generate equals the forgone convenience value:

η

u′(ct)
(1− hT )pT = λT if Tm > 0. (8)

If the household obtains Treasuries through a collateral swap, the marginal value of the
post-haircut margin equals the swap fee:

η

u′(ct)
(1− hT )pT = f(χ) if q > 0. (9)

If collateral swaps are not used, the household’s no-deviation condition is η
u′(ct)(1− hT )pT ≤

f(χ). Thus, if Tm > 0 and q = 0, then λT = η
u′(ct)(1− hT )pT ≤ f(χ). If Tm > 0 and q > 0,

then λT = f(χ). For risky collateral posted directly, which provides no convenience services,
we consider the margin that reallocates already-held risky assets into collateral use while
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holding total risky-asset holdings fixed. When Am > 0, the first-order condition is:

η

u′(ct)
(1− hA)pA = κ′(Am). (10)

When risky assets are posted as collateral, the shadow value of margin capacity must offset
the marginal posting cost. The optimal derivative position satisfies:

Et[mt+1RD] = η

u′(ct)
M for d > 0. (11)

At d = 0, the corresponding condition holds with weak inequality.
At an interior optimum the household equalizes the marginal cost per unit of post-haircut

margin across active sources—forgone convenience for own Treasuries, the swap fee for
swapped Treasuries, and κ′(Am) for risky collateral.

1.3 Dealer Sector

A competitive dealer sector provides collateral transformation services through temporary
securities lending. At the beginning of period t, each dealer chooses Treasury inventory
`. We write the dealer problem in reduced form, after netting out the purchase cost and
expected pecuniary payoff of Treasury inventory; Ψ(`;χ) captures the remaining balance-sheet
and intermediation cost of carrying inventory. The dealer then chooses swap volume q ≤ `,
temporarily lending q Treasuries against risky collateral that is returned when the swap
unwinds.

The dealer’s optimization problem is:

max
`,q

Π = f(χ)q −Ψ(`;χ) subject to 0 ≤ q ≤ `. (12)

The first-order conditions are:

w.r.t. ` : Ψ`(`;χ) = ν, (13)

w.r.t. q : f(χ) = ν, (14)

where ν ≥ 0 is the multiplier on the constraint q ≤ `. When swaps are active (q > 0) and the
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constraint binds (q = `), we have:

f(χ) = Ψ`(`;χ). (15)

Competition drives the swap fee to the marginal balance-sheet cost. The state variable
χ captures factors that tighten dealer balance sheets, with fχ(χ) > 0 reflecting that tighter
balance-sheet constraints increase the marginal cost of intermediation.

1.4 Equilibrium

An equilibrium consists of quantities (Au, T u, Am, Tm, d, q, s, `), shadow prices (η, λT ), and
fee f(χ) such that: (i) the household’s first-order conditions (6)–(11) and constraints are
satisfied; (ii) dealer optimality conditions (13)–(14) hold; (iii) the collateral swap market
clears with q = (1−hA

d )pA

(1−hT
d

)pT
s; and (iv) asset markets clear.

The government’s Treasury supply is fixed at Θ, with market clearing in the Treasury
market requiring Θ = T u + Tm + `, where ` represents dealers’ total Treasury holdings. The
risky asset is in fixed supply Ā, with market clearing Ā = Au + Am + s.

1.5 Testable Implications

The model generates three main empirical predictions relating margin demands to Treasury
convenience yields and collateral composition. Let S ≡ Md denote the aggregate margin
sink.

Prediction 1. Convenience Yields Increase with Margin Demands.

Throughout, we focus on the region in which Treasuries are part of the marginal collateral
and the response to tighter requirements runs through additional encumbrance. An increase
in the aggregate margin sink S tightens the margin constraint and, through Treasury market
clearing, absorbs more of the fixed supply into encumbered use or dealer inventory, reducing
unencumbered holdings T u. Since λT = Ω′(Tu)

u′(ct) and Ω is concave, the decline in T u raises λT
and therefore raises CYT = λT

pT
. Thus:

∂CYT

∂S
> 0. (16)
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The model also implies:

∂CYT

∂hT
> 0, ∂CYT

∂hA
> 0. (17)

Higher Treasury haircuts increase convenience yields by reducing the margin capacity per
unit of Treasury posted. Higher haircuts on risky assets increase convenience yields through
a different channel: by reducing the margin capacity of risky collateral, they shift margin
demand toward Treasuries, lowering unencumbered Treasury holdings.

Prediction 2. Pass-Through Intensifies with Dealer Balance-Sheet Tightness.

In the local region in which Treasuries from households’ own holdings are marginal
collateral, equation (8) implies CYT = λT

pT
= η

u′(ct)(1− hT ). Holding hT fixed,

∂CYT

∂S
= (1− hT ) ∂

∂S

(
η

u′(ct)

)
. (18)

This pass-through is stronger in high-χ states. Tighter dealer balance sheets raise f(χ),
making collateral swaps more costly and causing a larger share of incremental margin demand
to be absorbed through encumbrance of Treasuries from households’ own holdings. As a result,
unencumbered Treasury holdings decline more rapidly per unit increase in S, steepening the
relationship between margin sinks and Treasury convenience yields.

Prediction 3. Collateral Composition Responds to Convenience Yields.

Define sT ≡ (1−hT )pT (Tm+q)
S

as the share of margin covered by Treasuries. Holding
aggregate margin demand S fixed and considering shifts in the opportunity cost of Treasury
encumbrance,

∂sT
∂CYT

< 0, ∂sT
∂hT

< 0. (19)

Higher convenience yields reduce Treasury usage for margin as their opportunity cost rises,
while higher Treasury haircuts reduce their attractiveness as collateral.

Cash Collateral The model’s collateral menu, Treasuries and risky assets, omits the largest
collateral type in practice: cash accounts for about two-thirds of posted margin in our sample.
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Extending the menu to cash changes nothing essential. The household prices each source by
its shadow posting cost per unit of post-haircut margin and equalizes those costs across active
sources, as in equations (8)–(10). Cash is another money-like asset, so encumbering a dollar
of it sacrifices monetary services much as encumbering a Treasury does. And because cash
and Treasuries are often interchangeable in collateral sinks, substitution ties their shadow
posting costs together.

Margin demand therefore raises Treasury convenience yields even when the marginal
posted dollar is cash. A larger margin sink raises the shadow value of margin capacity,
η/u′(ct), which prices every source in use. Treasuries are eligible across these sinks, so
their opportunity cost, and with it CYT , rises with aggregate margin demand whether or
not Treasuries land in the sink. This interchangeability is also why we include cash in the
collateral sink measure in Section 2: a sink filled with a dollar of cash could have been filled
with a Treasury.

2 Collateral Sinks

We now construct a high-frequency estimate of the amount of collateral consumed by the
financial system. As collateral can be reused, repledged, and rehypothecated, pledging $1
of collateral does not imply that the pledgeable collateral stock has fallen by $1. In the
limit of high velocity, a single piece of collateral can support a vast amount of collateralized
transactions. We instead consider a piece of collateral temporarily consumed if it is held in
a collateral sink: a location where collateral cannot be reused and hence is removed from
the stock of circulating collateral. This section shows that collateral sinks are economically
large—standing at $3.4 trillion—which suggests that changes in sunk collateral can have an
impact on convenience yields.

We measure collateral sinks as the sum of collateral used up in three ways: 1) collateral
used in Secured Financing Transactions (SFTs) which we further break down into i) repo and
securities lending (on average $732 billion) and ii) collateral swaps ($215 billion), 2) collateral
posted as margin ($526 billion), 3) collateral sunk to satisfy bank liquidity regulations ($351
billion), where the numbers in parentheses are the average values as reported in Table 1.
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1) SFT Collateral Sinks: Repo & Securities Lending; Collateral Swaps. Financial
markets consume collateral to raise funding through secured financing transactions (SFTs),
which include repos, securities lending, collateral swaps, and other less common structures.
Although participants use the different SFTs for different reasons, they all monetize the
collateral services provided by the underlying security, often Treasuries. A large literature
has documented the importance and behavior of these markets in recent years (Gorton and
Metrick 2012, Copeland et al. 2012, Duffie 2018, Infante and Vardoulakis 2021, Chang et al.
2025). We employ data on SFTs from high-frequency balance sheet data in FR 2052a. As
this data shows, these collateral markets are extremely large, cumulatively amounting to $5
trillion, with the bulk coming from repos (see Figure IA.3).

An important complication with respect to measuring sunk collateral is that a single
CUSIP can back several SFTs simultaneously since banks reuse and rehypothecate collateral,
sometimes several times over. Infante and Saravay (Forthcoming), for example, estimate that
dealers pledge seven times more Treasuries than they own, made possible by reusing and
rehypothecating collateral they receive.

To measure the amount of collateral used by these transactions, we rely on detailed
information on the counterparty and type of transaction. For example, when a bank pledges
collateral to a money fund as part of a repo, the money fund does not rehypothecate the
collateral, hence money funds are effectively collateral sinks. In the FR 2052a data we observe
19 counterparty types.1 We estimate SFT collateral sinks by comparing the collateral flows
between banks and that counterparty type; we identify SFT collateral sinks as counterparties
that receive collateral from banks but do not post collateral to banks.

Specifically, for each counterparty type c and settlement method s (bilateral, FICC,
triparty, or other), we calculate the collateral flow imbalance after aggregating across all
banks with

Imbalancet,c,s =
Pledgedt,c,s − Receivedt,c,s
Pledgedt,c,s + Receivedt,c,s

,

where “pledged” and “received” are from the bank’s perspective. We include settlement type
1The counterparty types are bank, broker dealer, central bank, debt issuing special purpose entity, financial
market utility, GSE, investment company or advisor, multilateral development bank, non-financial corpo-
rate, non-regulated fund, other, other financial entity, other supervised non-bank financial entity, other
supranational, pension fund, public sector entity, retail, sovereign, and supervised non-bank financial entity.
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because some settlement types are more likely to be used in markets in which counterparties
aggressively reuse collateral (bilateral) while others less so (triparty). If Imbalancet,c,s = 1
then all collateral flows between the banks and that counterparty type are collateral pledged
from the bank to the counterparty; the flows are strictly one way; if the bank is pledging and
receiving the same amount, Imbalancet,c,s = 0.

We define collateral sinks as cells with Imbalancet,c,s > 0.5, however we test several
other thresholds and show that our main estimate is closely correlated with looser or tighter
restrictions (e.g., a positive imbalance, an imbalance of at least 0.75 or 0.9) given the large
mass of cells clustered near 1. Empirically, most counterparty types only receive collateral
from banks, as shown in the histogram of Figure IA.4, indicating that many counterparty
types are clearly collateral sinks. For example, the median imbalance for both non-financial
corporate and GSEs in the triparty market is 1. By contrast, collateral flows with dealers are
two-sided, and the median imbalance is about 0 for “supervised non-bank financial entities”
in FICC, which includes broker dealers and represents a sizeable share of interdealer trading.2

Panels A and B of Table 1 provide summary statistics of collateral sunk in SFTs across
two broad categories: 1) repo and securities lending, 2) collateral swaps. We break out
collateral swaps, a particular type of SFT, because they play a key role in intermediating
collateral as we describe in Section 5.3. Panel A of Table 1 reveals an average of $732 billion
of collateral sunk on repo and securities lending, with the daily maximum reaching nearly
$1.5 trillion. The average amount is spread equally between Treasuries, other HQLA, and
non-HQLA. Panel B of the same table shows that the collateral swap market amounts to an
average daily sink of over $200 billion.

2) Margin Collateral Sinks. Financial market participants must post margin to reduce
default risk to counterparties if a position loses value. Many flavors of derivatives, both
bilateral and centrally cleared, carry margin requirements. Margin typically consists of two
components: initial and variation. Traders owe initial margin when they initiate a derivative
transaction, and variation margin is called as the contract’s value changes.

Margin requirements change and reflect expectations about the derivative’s risk. For
instance, the CME’s margin requirements for the 10-year Treasury future range from 60 to
225 bps, and move closely—but not perfectly—with implied volatility; the same applies for
2The Internet Appendix provides medians by counterparty and settlement type (Figure IA.5).

13



S&P 500 index futures, although their margin requirements are a level shift higher, about 5
pp, reflecting their higher risk.3 The financial system consumes substantial margin. The FR
2052a data reveals that the six largest U.S. banks alone posted nearly $800 billion in recent
years. Margin volumes vary substantially over time, with a clear jump during the panicked
stage of the Covid-19 pandemic, when margin jumped by $117 billion in the first week of
March.4

The trader can choose what type of collateral to post, including cash, Treasuries, or other
securities, although variation margin is typically cash. At the CME, USD cash is accepted
without limit or haircut, and Treasuries are accepted without limit but with haircuts ranging
from 0.5 to 8 percent depending on tenor.5 Traders can post a wide range of other securities
as margin, subject to haircuts and caps; corporate bonds have a minimum 20 percent haircut
and are capped at $2 billion of USD equivalent.6

We estimate margin-induced collateral sinks as the sum of initial and variation margin
received by or posted to the bank that satisfies any of the following conditions:

1. it is non-rehypothecable;

2. it is held as segregated cash;

3. it uses centralized settlement (including principal and agent transactions); or

4. it is exchange traded (including principal and agent transactions).

We assume that margin posted to a CCP is not rehypothecated, even if in some cases the
CCP may retain the contractual right to do so.7

3The Internet Appendix gives an example of the lifecycle of a derivative trade that clarifies the margin
mechanics and provides additional institutional details. Figure IA.1 plots margin requirements and implied
volatility.

4See Figure IA.2.
5Many CCPs also pay interest on USD cash balances. CCPs that are “designated financial market utilities”
can maintain accounts at the Federal Reserve which are eligible to receive interest on reserve balances. CCPs
can, in turn, pass through IORB subject to a spread on cash balances to their customers. These balances
are included in the Federal Reserve’s “other deposits” balance sheet item (Hull, 2024).

6See https://www.cmegroup.com/solutions/clearing/financial-and-collateral-management/
acceptable-collateral.html.

7Regulations require that certain types of derivatives are centrally cleared even though they are negotiated
OTC. Derivative exchanges all use a CCP. We could also include other CCP contributions—like clearing
members’ default fund contributions—but those data are available beginning only in 2022, are orders of
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Panel C of Table 1 reports statistics on collateral sunk in margin. We find a daily average
of $526 billion, with maximum daily amounts reaching nearly $800 billion. Cash is the leading
type of asset posted as margin, while Treasuries and other HQLA are about split with roughly
$100 billion each.

Note that we include cash in our collateral sink measure. The motivation is that collateral
is interchangeable in almost all of the settings we define as collateral sinks.8 So even if a bank
satisfies the collateral demand with $1 of cash, it could have also done it with a Treasury.
Higher aggregate demand in collateral sinks will make the collateral services component
of Treasuries more valuable because opportunity costs increase even if Treasuries are not
actually placed in the sink.

3) LCR-Induced Collateral Sinks. The liquidity coverage ratio (LCR), introduced under
Basel III and finalized in the U.S. in 2014, requires large banks to hold enough high-quality
liquid assets (HQLA) to cover at least 100 percent of projected net cash outflows over a
30-day stress scenario. Different assets carry different HQLA weights: Treasuries, for example,
contribute to HQLA holdings with no haircut or cap; agency MBS have a 15 percent haircut.
For that reason, the LCR creates structural Treasury demand. If a bank whose HQLA falls
short of its projected net cash outflows chooses to fill that gap with Treasuries, they are
functionally sunk: held to meet a regulatory floor, unavailable for lending, pledging, or other
uses that would keep them circulating.

Some of these required HQLA holdings would be held absent the regulation, but to the
extent that the LCR binds, it forces banks to hold Treasuries and other HQLA that cannot be
deployed elsewhere. We again use the FR 2052a data to estimate the LCR-induced Treasury
sink as the volume of Treasuries that banks must hold to satisfy the requirement, defined as

LCR Sunk Treasuries = max{0, Net Cash Outflows− HQLA ex Treasuries}.

When non-Treasury HQLAs—reserves, agency MBS, and other qualifying assets—are insuf-

magnitude smaller than the other categories, and are relatively slower moving, so they marginally affect the
level but not the daily variation in sunk collateral.

8While variation margin is typically cash, it is not always required to be cash. Empirically, about a quarter
of variation margin in the sample is posted in non-cash form; the data does not allow us to distinguish when
cash is the only permissible way to post variation margin, although some CCPs require this.
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ficient to cover projected outflows, the remainder must be met with Treasuries, which are
then effectively sunk.9 We estimate net cash outflows, the LCR ratio denominator, using FR
2052a data. Given high-frequency seasonality in net cash outflows, we smooth the series with
a five-day moving average, from t− 4 to t.

Ideally, we would observe the Treasuries each bank would hold absent the LCR and
compare that counterfactual to actual holdings; the difference would be the true LCR-induced
sink. That comparison is impossible, so we instead use the lower bound defined above. This
measure is conservative: it assumes banks exhaust all non-Treasury HQLA before turning
to Treasuries, so it understates the true LCR-induced sink whenever banks choose to hold
Treasuries in place of other eligible assets. In Panel D of Table 1 we report that an average
of $351 billion of Treasuries is thus used up by the LCR, with the daily maximum above a
trillion USD.

2.1 Adjusting for Market Price Changes

A final complication in measuring sunk collateral arises from the fact that we observe the
market value of securities in collateral sinks, not separate quantities and prices. A sink can
grow either because more collateral is locked in or because prices rise on a fixed quantity. We
address this issue in three ways.

First, we construct a workhorse measure, Sink(All)t, as the total of sunk collateral, scaled
by the market value of privately held Treasuries.10 This approach controls for trend growth in
the system and for price-level movements in Treasuries. Second, we note that margin-driven
sinks are less sensitive to pure price moves because margin is set against the market value
of posted collateral; if prices rise enough, existing collateral can satisfy higher requirements
without new posting. Third, for SFTs we focus on the maturity (cash-proceeds) value of
9Our required Treasury calculation assumes that removing Treasuries from the HQLA pool does not alter the
binding status of the LCR’s composition constraints, which limit Level 2 assets to 40 percent of total HQLA
and Level 2B assets to 15 percent. Because the banks in our sample hold predominantly Level 1 assets,
these caps do not bind in practice, and recomputing the caps under the counterfactual without Treasuries
yields negligibly different required Treasury amounts. The results are also robust to including a management
buffer, for example, by calculating the 5th percentile of observed bank by day LCR ratios, and imposing
that as the effective lower bound.

10We describe how we calculate the market value of Treasuries in the Internet Appendix Section IA.A.4. In
particular, we use a five-day moving average (t− 4 to t) to remove mechanical variation arising from bill
issuance and SOMA weekly Wednesday portfolio disclosures.

16



the trade rather than the market value of the pledged security. The haircut equals the
difference between the collateral’s market value and the maturity value; once an SFT starts,
its maturity value is fixed, and different collateral types can secure comparable post-haircut
funding. Using maturity value therefore strips out interim price moves and lets us compare
collateral across types on a like-for-like, post-haircut basis.

2.2 Collateral Sink Summary Statistics

The totals of sunk collateral across all categories are reported in Panels E and F of Table 1.
In Panel E we report the raw totals, finding a daily average of $1.8 trillion of sunk collateral,
with a daily maximum of over $3.7 trillion. On average Treasuries make up more than a
third of the sunk collateral, with the maximum daily amount of sunk Treasuries reaching
nearly $2 trillion USD. Panel F normalizes the totals across categories with the market value
of privately held Treasuries, with the workhorse measure Sink(All)t averaging 11 percent and
reaching values as high as 15 percent. The time-series of the total is shown in Figure 1. As
the figure shows, collateral sinks stand at $3.4 trillion in 2025. All four categories have seen
increases over the sample period, both in raw amounts, as well as normalized by Treasuries
outstanding.

Is $3.4 trillion of sunk collateral a big number? Yes, for at least two reasons. First, it
is equal to 15 percent of the total stock of privately held Treasuries and about 80 percent
more than the total Treasury holdings at private depository institutions. To be sure, most
of the sunk collateral is not Treasuries, yet much of it can be swapped into Treasuries and
hence represents a source of incremental collateral demand for Treasuries. Second, it is a
lower bound estimate because it does not include data from any banks outside the six in
our sample nor does it include margin posted by banks’ clients (due to data availability) as
well as banks’ other CCP contributions. A key assumption for our empirical approach is
that collateral sink dynamics for the largest banks are representative of the broader financial
system, which is reasonable given that the largest U.S. banks are large participants in the
SFT market and post a disproportionate share of margin to CCPs.
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3 Collateral Sinks and Convenience Yields

In this section we establish Prediction 1: the amount of sunk collateral comoves with Treasury
convenience yields. The literature has studied several proxies of the Treasury convenience
yield. We aggregate across several proxies by focusing on the first principal component, PC1t,
of six convenience yield proxies following Acharya and Laarits (Forthcoming):

1. General collateral finance repo – Treasury bill spread.

2. OIS – Treasury bill spread.

3. Fed funds – Treasury bill spread.

4. Negative Z-spread following Greenwood et al. (2015).

5. 10-year TIPS–Treasury premium following Fleckenstein et al. (2014).

6. 30-year OIS swap spread following Feldhütter and Lando (2008) and Du et al. (2023).

We select these series because they cover the full period 2005 to 2025 and cover a range of
maturities. For ease of interpretation, we rescale the first principal component into the units
of the 3-month OIS–Treasury spread by regressing the spread on the component and using
the fitted values as the rescaled principal component. We provide additional data on these
measures and other control variables in the Internet Appendix IA.A and the series itself is
plotted in Figure IA.17.

Table 2 establishes Prediction 1 by regressing PC1t on Sink(All)t along with a battery of
controls. In the first set of three columns we estimate this relationship in levels, finding that a
1 pp increase in Sink(All)t (≈ 0.6 SD) is associated with a 4 bps higher PC1t (≈ 1 SD). The
relationship between the two suggests that collateral sinks track aggregate collateral demand
insofar as it varies with the convenience yield. The coefficient is somewhat larger when
controlling for a variety of implied volatility and liquidity measures in the second and third
columns. Of course, this regression is not causal and does not reject the possibility that more
collateral is sunk simultaneously with periods with higher convenience yields, meaning they
both happen to be high at the same time rather than reflecting some underlying relationship.

In the second set of three columns, we re-estimate these regressions in daily changes. The
full specification in column (6) shows that a 1 pp increase in the change of Sink(All)t raises
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the change in PC1t by about 3 bps after controls, equal to about one standard deviation
in daily changes of convenience yields, and in line with the levels specification. Again the
various controls do little to change this estimate.11

A natural question is how its explanatory power compares to the channels the literature
has traditionally emphasized. We address this comparison with an incremental R2 exercise.
For a given specification, we estimate the full model including all regressors, then re-estimate
the model dropping each regressor in turn. The percent increase in R2 from restoring a
given variable measures its marginal contribution to explained variation. Because daily
first-difference regressions have low R2 in absolute terms—as is standard at daily frequency—
we express each variable’s contribution as the percentage increase in R2 relative to the
specification that excludes it.12

Figure 2 presents the results across two specifications. The first specification includes
proxies for standard convenience yield explanatory variables: sovereign credit risk (∆US CDS)
and Treasury market liquidity (∆5yr Bid-Ask Spread), alongside collateral sinks. The col-
lateral sink increases R2 by about 50 percent, while the liquidity measure increases it by
60 percent and credit risk increases it by under 30 percent. The second specification adds
changes in the VIX, the BAA-AAA spread, breakeven inflation, the effective federal funds
rate, implied volatility measures, and equity returns. Collateral sinks remain among the
largest contributors across the kitchen sink specification, with a marginal contribution of 18
percent even in the most saturated specification. These results show that collateral sinks are
not merely statistically significant but quantitatively important relative to the credit risk
and liquidity channels that Krishnamurthy and Vissing-Jorgensen (2012) and others have
highlighted as first-order drivers of convenience yields.

Which component of collateral sinks drives the result? Internet Appendix Table IA.4
breaks the aggregate measure into its separate components—repo and securities lending,
collateral swaps, margin, and LCR-related holdings. The variables, labeled analogously
to the baseline measure, all have positive coefficients, and the margin and collateral swap
components are statistically significantly different from zero, while the standard error for the
11In the Internet Appendix, we provide several further robustness tests: in Tables IA.15 and IA.16 we regress
individual convenience yield measures on the collateral sink measure and in Table IA.17 we show the
relationships are robust to removing Treasuries from the numerator and instead comparing with the change
in log of collateral sinks, including controlling for change in Treasuries outstanding.

12Table IA.3 in the Internet Appendix reports the underlying regressions.
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collateral swap coefficient is somewhat larger even though its magnitude is similar to the
others. The LCR-related component is weakly positive and close to zero. Because the margin
component does not rely on the imbalance filter or rely on the assumptions used to estimate
LCR-related holdings, it is perhaps unsurprising that the margin component is estimated
most precisely whereas the other components are measured with noise that might attenuate
the estimated effect sizes.

Finally, we provide evidence for Prediction 3 regarding the share of Treasuries in total sunk
collateral falling as the convenience yield rises. This prediction arises from the observation
that in a high Treasury convenience yield environment, posting a Treasury as collateral is
more costly at the margin. In line with this intuition, the September 2025 Senior Credit
Officer Opinion Survey’s special questions report a broad shift toward using securities, namely
Treasuries, for variation margin, with net increases across dealer clients and one-third of
accepting dealers expecting further growth over the next year.13 In our data, the Treasury
share of margin posted reaches a new high in 2024 (Figure IA.7). In Table 3 we document
the relationship between the overall Treasury convenience yield, as proxied by PC1t, and
the Treasury share of margin, calculated both as a share of all posted margin, or as a share
of all collateral sinks. In both calculations we find a strong negative correlation between
Treasury convenience yields and the Treasury share of margin or all sunk collateral. This
finding further supports the link between sunk collateral and convenience yields: when the
implicit flow of convenience benefits from Treasuries is high, market participants look to use
alternatives, and thus lower the Treasury share of sunk collateral.

4 Causal Impact of Collateral Demand Shocks

The challenge in studying the effect of aggregate collateral demand on the convenience yield
is that much of the variation in the two is due to other forces like general risk appetite
and financial market conditions. Although we have seen that the two are closely correlated
in Table 2, we now use two separate approaches to isolate plausibly exogenous shocks to
collateral dynamics to trace out their effects on convenience yields: a granular IV (GIV)
using trading desk flows and an IV based on idiosyncratic margin choices by the CME.
13See https://www.federalreserve.gov/data/scoos/files/scoos_202509.pdf.
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4.1 Idiosyncratic Shocks from Trading Desks

Our main identification strategy uses a GIV constructed from bank trading desk data. The
idea is to capture margin demand shocks arising from idiosyncratic shocks to the trading
flows of different desks. As long as some of the trading desks account for a disproportionately
large share of total flows, then the idiosyncratic flows from various desks will not cancel
out (Gabaix and Koijen, 2024) and the shocks to those desks will dominate the totals. We
capture trading desk flows using derivative gross notional which we translate into estimates
of posted margin as described below.

The data on trading desks is from FR VV-1, which the Fed collects to implement the
Volcker Rule. Banks with at least $20 billion in average gross trading assets and liabilities—
excluding trading in U.S. Treasuries and agencies—are required to report daily information
on the value-at-risk, profitability, and exposures to the Fed. Our main dataset is a bank-
desk-by-date panel, beginning in 2014. The data have comprehensive coverage of trading
activity by banks. While fewer than 20 firms are required to report metrics, these firms span
93 percent of U.S.-based trading activity. Recent research has used this data to study banks’
trading activities (Falato et al. 2025, Lu and Wallen 2024). We limit our analysis to the set
of banks that consistently provide data in both datasets.

We filter the trading data in several ways to create a comparable panel of trading desks.
In particular, we limit the sample to years 2016 through 2020 when the data consistently
provide the level of notional derivative exposures across the full set of banks, however there
are some days when data are missing for one or more desks, so the panel is not strictly
balanced. We require that each desk has a non-zero derivatives position at some point in
the sample, that the desk reports data consistently through the sample, and that the desk
averages at least $5 million in value-at-risk. The resulting sample spans 93 desks across eight
asset classes and six banks, implying an average of 16 desks per bank. Each resulting desk by
date observation includes the desk’s total value-at-risk (VaR), the notional of its derivatives
carried as assets and liabilities, and the value of long and short securities positions. We
calculate the change in (the log of 1 plus) each of these variables, and we winsorize the daily
changes at the 5th and 95th percentiles.

Derivative trading data are measured in gross notional, but margin requirements scale
with risk and vary depending on the derivative’s risk: $1 notional at a relatively low risk
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desk does not increase margin demand the same way a $1 exposure does at a higher risk
desk. Treating the notional flows across all desks equally risks biasing the results towards
those with larger notional flows, not necessarily those that require more margin. We therefore
convert each desk’s notional exposure into a margin-equivalent measure based on how that
desk’s overall VaR varies with its derivatives positions, holding other variables fixed. For
each desk i within an asset class a we estimate the contribution of derivatives and securities
positions to VaR using

∆ ln(VaRi,t) = βasec,A ∆ ln(SecAsseti,t) + βasec,L ∆ ln(SecLiabi,t)

+ βader,A ∆ ln(DerivAsseti,t) + βader,L ∆ ln(DerivLiabi,t)

+ µi + λb(i),t + ηa,t + εi,t.

(20)

We then construct the derivative-driven change in VaR using the estimated relationship
for each asset class

∆ ln(VaRderiv
i,t ) = β̂ader,A ∆ ln(DerivAsseti,t) + β̂ader,L ∆ ln(DerivLiabi,t). (21)

This construction isolates the risk stemming from derivative trading activity, holding fixed
the effect of the desks’ changing securities portfolios. The key assumption in this construction
is that the VaR attributable to derivatives is proportional to margin demand, since we do
not observe desk-specific margin. We then extract the idiosyncratic component of derivatives-
induced VaR using the date by desk panel with

∆ ln(VaRderiv
i,t ) = α + µi + λb,t + ηa,t + ui,t,

where µi are desk fixed effects, λb,t are bank by date fixed effects, and ηa,t are asset class by
date fixed effects. The fixed effects play an important role in stripping out non-idiosyncratic
effects, including persistent differences across desks, shocks common to all desks within a bank
on a given date like funding shocks or bank-wide risk adjustments, and shocks common to all
desks within an asset class across banks. After stripping out these effects, ui,t is designed to
capture the residual variation, which we expect reflects idiosyncratic shocks. We winsorize
ui,t at the 5th and 95th percentiles to reduce the influence of outliers.
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We calculate the GIV by comparing value-weighted residuals and equal-weighted residuals

GIVt =
∑
i

wi,t−1ui,t −
1
N

∑
i

ui,t

where the weights are estimated using the desks’ average risk-adjusted notional in the previous
week (si,t−1) to ensure pre-determination:

si,t =
∣∣∣β̂a(i)

der,A

∣∣∣DerivAssetNotionali,t +
∣∣∣β̂a(i)

der,L

∣∣∣DerivLiabNotionali,t, (22)

wi,t = si,t∑
j sj,t

. (23)

The GIV increases when large desks receive idiosyncratic shocks not offset by average shocks
captured in the equal-weighted term. We use absolute values of the betas to prevent negative
weights, however excluding observations with a negative weight does not meaningfully change
our results. We provide the beta estimates by asset class (Figure IA.8) and a plot of GIV
(Figure IA.9) in the Internet Appendix.

With the GIV in hand, we proceed with two-stage least squares: the first stage shows
how sunk collateral varies as a result of idiosyncratic derivative trading flows:

∆St = α1 + πGIVt + δ′Xt + et.

The second stage regresses the change in convenience yields on the instrumented collateral
sink measure

∆PC1t = α2 + γ∆̂St + κ′Xt + εt.

We report results for three endogenous variables of increasing breadth: sunk margin relative
to Treasuries outstanding, collateral sinks excluding LCR-related components, and the
full collateral sink measure. To make interpretation easier, we standardize GIV and each
endogenous variable to have mean 0 and unit standard deviation.
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4.2 Trading Desk IV Results

Panel A of Table 4 reports the second stage estimates. Because we cast ∆PC1t to basis points
(scaled to the 3-month OIS-Tbill spread) and standardize the endogenous regressors, a one
standard deviation increase in the instrumented collateral sink ratio increases the convenience
yield by 1.8 to 3.6 basis points, depending on the exact measure of sunk collateral. The
standard deviation of ∆PC1t is 2.7 basis points during the GIV sample, so the effect of a
one-standard deviation increase in the instrumented ratio raises convenience yields by 0.7 to
1.3 standard deviations. The second-stage point estimates are stable across all six columns,
indicating that the result is not sensitive to which component of the sink is instrumented.

Panel B of Table 4 reports the first stage estimates. The first two columns use sunk
margin as the endogenous regressor, the middle two use collateral sinks excluding LCR-related
components, and the last two use the full collateral sink measure. The first stage shows a
strong positive relationship between the GIV and each endogenous variable: a 1 standard
deviation increase in GIV corresponds to an increase of about 0.1 standard deviations in the
endogenous regressor. First-stage F -statistics are strongest in the first two columns, where
the endogenous variable is sunk margin, and decline as the endogenous variable broadens to
include components the instrument does not directly move. The stability of the second-stage
estimates across specifications indicates that the margin-driven variation alone is sufficient to
identify the effect of collateral scarcity on convenience yields.

Panel C of Table 4 reports the OLS estimates. The instrumented coefficients are ap-
proximately an order of magnitude larger than the OLS estimates, and the OLS coefficients
are positive but not significant. We believe this likely reflects measurement error in our
collateral sink measure that attenuates the OLS relationship: all collateral in sinks should
affect convenience yields, yet we only observe those that are reported by six banks. We return
to this comparison after introducing the CME-based IV below.

The validity of the GIV relies on three key identifying assumptions: its granularity, the
residualization of aggregate factors, and our estimate of margin requirements by desk. First,
the approach requires that trading desks vary substantially in size. This is empirically true:
on average, the largest 20 desks account for roughly 50 percent of total VaR and 90 percent
of our risk-adjusted size measure wi,t−1.

Second, the approach requires that the residualization accurately strips out aggregate
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factors. Suppose it did not. In that case, the GIV would be correlated with some aggregate
factor—say, risk sentiment—so that our regressions would only tell us that increased risk
sentiment coincides with both more sunk collateral and larger convenience yields; the result
would be biased by omitted variable and simultaneity bias. We implement a simple placebo:
if the GIV simply reflects aggregate factors, then the weighting is immaterial. We construct
a placebo GIV that reverses the order of the weights, assigning the largest desk’s weight
to the smallest desk, the second-largest desk’s weight to the second-smallest desk, and so
on. We then calculate the placebo GIV in the same way. Table IA.5 shows that the placebo
GIV does not generate similar results and Table IA.6 shows that the two instruments are
not correlated, both indicating that it does a good job of stripping out aggregate factors and
isolating truly idiosyncratic factors.

Third, we assume that desks with more VaR attributable to derivative positions have
larger margin requirements. Were the universe of the derivatives trades on centrally cleared
platforms, this would be trivially true. Instead, trading desks face several types of sophisticated
counterparties, some of which may bilaterally negotiate lower margin requirements. Ideally,
we could simply look at margin posted by trading desks, but that data is unavailable. In
that case, the concern is that larger gross notional positions for the bank’s trading desks
could still coincide with lower margin requirements if the composition of their counterparties
dramatically shifts to those that require less margin. We empirically reject this by regressing
total margin posted by the banks—which, unlike sunk margin, includes only margin posted
by banks rather than margin posted to or by banks—on our risk-adjusted notional si,t and
find a strong positive relationship (Table IA.7).

Our IV estimates of the effect of collateral sinks on the convenience yield are approximately
an order of magnitude larger than the corresponding OLS estimates across both designs.
Several forms of endogeneity could in principle bias the OLS coefficient. Measurement error
in our proxy for aggregate collateral demand would attenuate the OLS estimate toward zero.
At the same time, simultaneity or reverse causality would likely push in the opposite direction:
periods of higher convenience yields could coincide with greater margin posting, biasing
OLS upward. We interpret βIV > βOLS as evidence that attenuation bias is the dominant
effect. Our daily collateral sink measure is necessarily a proxy for the true unobserved and
market-wide aggregate collateral sink; we observe only a handful of large U.S. banks that,
while capturing a large share of collateral dynamics, do not include foreign banks or smaller
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U.S. banks. Our IVs—either using trading desk flows as in this section or based on CME
margin changes as in the subsequent section—better isolate the exogenous component of the
variation in collateral demand and minimize the noisy error-driven variation in the collateral
sink proxy, thereby correcting for the attenuation bias inherent in the OLS estimate.

4.3 Alternative Identification from Idiosyncratic Margin Require-
ments

In Internet Appendix Section IA.C we detail an alternative identification strategy that
exploits idiosyncratic features of the CME’s margin-setting. Although CME margins closely
track volatility, they also reflect a complex set of house rules such as look-back windows,
stress add-ons, floors and buffers, product-specific delivery and concentration charges, and
discrete update schedules, so the residual from a regression of margin changes on standard
risk measures plausibly reflects CME’s risk-management preferences.

Consistent with margins being more than an actuarial function of volatility, the CME’s
response to the VIX is asymmetric: a one-unit increase raises E-mini S&P 500 margins by 3.7
pp while a one-unit decrease lowers them by only 2.7 pp, roughly a third faster up than down
(Table IA.9). We build the instrument Zt by regressing daily changes in margin requirements
for six top-tier futures across asset classes (commodities, equities, FX, and rates) on a wide
set of aggregate risk controls: volatility, rate, credit, and inflation measures. We then average
the z-scored residuals into a single daily series.

Using Zt as an instrument for the variables ∆Sink()t in the same two-stage specification
as the GIV, we again find a positive and statistically significant second-stage coefficient of 1.9
to 3.6 bps; at our preferred estimate a one-standard-deviation increase in the instrumented
sink ratio raises ∆PC1 by about 2.4 bps, roughly 60 percent of its standard deviation over
the period, with strong first-stage F -statistics and a coefficient that is again stable as the
endogenous variable broadens from sunk margin to the full sink measure (Table IA.8).

These magnitudes are reassuringly close to the GIV estimates, regardless of different
sources of identifying variation. The exclusion restriction requires that, conditional on the
controls, CME’s idiosyncratic margin choices move convenience yields only through sunk
collateral; a placebo replacing Zt with its one-month lead produces no effect in either stage
(Table IA.11). That CME margins alone can shift aggregate collateral dynamics is plausible
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because the CME is consistently the largest or second-largest CCP by required initial margin,
and its requirements are tightly linked to those at competing CCPs and to bilateral margins
(Park and Abruzzo, 2016).

5 Market Response to Collateral Shocks

The IV results in the previous section indicate that shocks to sunk collateral causally drive
convenience yields. In this section we trace out the impact of sunk collateral shocks and
the response they elicit from the private sector. The common thread running through the
analysis is a recognition that the cost of collateral is a key input to dealers that stand at the
center of collateral flows: they finance Treasury positions for arbitrage trades, intermediate
the collateral swap market, and absorb the collateral demands that originate in margin and
SFT activity.

We document two particular consequences of “collateral tightness”. One, we find that
collateral shocks particularly drive the convenience yield at shorter horizons, thereby inducing
a steepening of the yield curve. Two, we show that prices that depend on dealers’ Treasury
financing capacity—arbitrage spreads—are sensitive to sunk collateral shocks. Arbitrage
trades that lock up good collateral, such as the Treasury swap basis trade under the conditions
of a negative basis, move with shocks to sunk collateral. Arbitrage trades that are less collateral
intensive, such as cross-currency bases and the CDS-bond basis show no such relationship.

Finally, we turn to the heretofore understudied collateral swap market, which dealers
use to buffer the effect of sinks on convenience yields. We show the collateral swap market
alleviates collateral need in normal times, but exacerbates it in stress. A dealer with a slack
balance sheet can both intermediate collateral swaps and trade against arbitrage spreads,
but as constraints bind the dealer pulls back from both, widening spreads and amplifying the
pass-through from sinks to convenience yields, as described in Prediction 2.

5.1 Sunk Collateral and the Yield Curve

The impact of sunk collateral should be evident predominantly at the short end of the
Treasury curve. Collateral demand is short-tenor: margin resets daily, SFTs are typically
overnight to a few weeks, and short Treasuries are the cleanest substitute because they bear
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little duration risk while sitting in a collateral sink. A bill posted as margin for two weeks
exposes the holder to almost no interest rate risk over the holding period; a long bond does,
and so is rarely used that way. Other channels of safe asset demand predict different patterns:
a safety-demand shock would compress yields across maturities, and a duration-demand shock
would load more on long Treasuries. Only a collateral-specific shock predicts the short-end
asymmetry.

Table 5 confirms the intuition. We split the convenience yield principal component into a
short-maturity component (built from the GCF repo–Tbill, OIS–Tbill, Fed funds–Tbill, and
negative Z-spreads) and a long-maturity component (built from the 10-year TIPS–Treasury
spread and the 30-year OIS swap–Treasury spread), and regress changes in each on changes in
St. The short-maturity component comoves strongly with collateral sinks; the long-maturity
loading is about a fifth the size and statistically indistinguishable from zero. The slope of the
convenience yield curve—the difference between the short and long components—steepens
with sunk collateral.

This asymmetry bears on recent debates about Treasury issuance composition. Bills have
repeatedly traded at large convenience premiums in recent years, and the Treasury Borrowing
Advisory Committee has devoted substantial attention to the appropriate split of issuance
across maturities. Our results attribute part of the bill scarcity premium to aggregate demand
for collateral.

5.2 Sunk Collateral and Arbitrage Spreads

Arbitrage spreads are a natural place to look for the dealer-centric reading of the channel.
These spreads—mispricings between near-identical assets—persist because exploiting them
ties up dealer balance sheet. Swap spreads are the cleanest example: a dealer who trades
against a negative swap spread must finance a long Treasury position, tying up collateral
(Boyarchenko et al., 2018). When collateral is scarce, that trade costs more, and the spread
widens. Du et al. (2023) show more broadly that dealer balance sheet costs jointly rationalize
swap spreads and CIP deviations post-GFC; our test asks whether collateral sinks identify a
Treasury-collateral-specific component of those costs.

Table 6 regresses daily changes in arbitrage spreads on daily changes in Sink(All)t. Panel
A reports results for Treasury swap spreads at the 2-, 5-, 10-, and 30-year maturities as well
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as their first principal component. A 1 pp increase in ∆Sink(All)t is associated with a 1 bp
widening in 10-year swap spreads, and the relationship is positive and significant across all
maturities. The effect on the first principal component is similarly strong, confirming that
collateral sinks load onto the common component of swap spread variation rather than any
single maturity.

Panel B turns to arbitrage spreads that are less Treasury-collateral-intensive: the EUR,
JPY, and GBP cross-currency bases and the investment-grade and high-yield CDS-bond bases.
We do not find comparable effects. The contrast is informative. CIP arbitrage requires balance
sheet capacity but not specifically Treasury collateral, and the CDS-bond basis similarly
does not require a dealer to finance a Treasury position. Swap spread arbitrage, by contrast,
is collateral-intensive: exploiting it requires holding and financing Treasuries. Collateral
sinks operate through a collateral-specific channel that is distinct from—but complementary
to—the general balance sheet cost channel of Du et al. (2023).

5.3 The Collateral Swap Market

Collateral swaps are SFTs that replace one type of collateral with another, either explicitly
using a collateral swap or implicitly by using a combination of repos. Investors can engage
in collateral swaps to obtain collateral for margin. The market has grown dramatically as
post-crisis reforms increased collateral demand without an attendant increase in collateral
issuance, with more than $1 trillion of swaps outstanding in recent years.

We trace out the logic of a collateral swap in Figure 3. An investor facing a margin
call—say an equity investor—can post either its own equities at a 30 percent haircut or,
using a collateral swap, Treasuries at a 4.5 percent haircut. So long as the dealer’s haircut
on equities plus its fee combine to create a lower effective haircut than the CCP’s haircut,
the investor can use the collateral swap to more efficiently satisfy its margin call. Investors
can engage in collateral swaps for several reasons, including to obtain collateral for margin,
obtain collateral for delivery, and short sell. We show that margin demands are an important
driver of this market.

Table 7 walks through the haircut arbitrage for an investor with a $100 margin requirement
and $100 of equities available to pledge. Posting those equities directly to the CME yields $70
of margin coverage, since the CME applies a 30 percent haircut. Alternatively, the investor
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can pledge the equities to a dealer at the dealer’s 10 percent haircut, receive $90 of Treasuries,
and post the Treasuries to the CME at the CME’s 4.5 percent haircut, yielding $85.95 of
margin coverage. The swap stretches the same $100 of equities to cover an extra $15.95 of
margin, against an annual fee of 75 bps on the $90 of Treasuries received. Net, the investor
saves $15.28 of cash that would otherwise need to be sourced externally—a capital reduction
of about 15 cents per dollar of equity pledged. Applying time-varying dealer haircuts to the
actual volume of equities posted to banks through swaps gives the $60 billion equity capital
reduction in 2025, the bulk of the $70 billion total.

We plot the total size of the collateral swap market in Figure 4, showing the market has
grown substantially over the past decade, comparable to the total quantity of margin posted
by banks and their customers.14 Banks largely intermediate the market, with gross collateral
pledged and received roughly equal.15

The key feature of collateral swaps as a collateral transformation service is haircut arbitrage
in two dimensions: (1) it is only valuable when the dealers can charge lower haircuts than
the CCP, which they typically do; and (2) dealers are willing to offer lower haircuts only
when they, themselves, can borrow at even lower haircuts. Collateral swaps are economically
viable so long as they reduce a derivative investor’s capital requirements by arbitraging the
difference between haircuts offered by the CCP and the dealer. We price collateral swaps
using a no-arbitrage argument in Section IA.D and use it to estimate the capital savings they
provide.

The left panel of Figure 5 estimates that collateral swaps reduce capital required by more
than $70 billion in 2025, $60 billion of which stems from swapping equity collateral.16 The
bulk of the savings stems from the difference in banks’ equity repo haircuts of 10 percent
compared to the CME’s 30 percent. Importantly, these estimates are likely upper bounds
because a material share of collateral swaps is likely related to short-selling or non-margin
related motives. Still, even if only half of collateral swaps are used for margin capital reduction,
our estimates would indicate $35 billion capital reduction.
14Figure IA.10 compares the size of the repo market, collateral swap market, client long and short positions,
and posted margin.

15The Internet Appendix provides additional details on the collateral swap market and Figure IA.18 plots
net collateral pledged by banks while Figure IA.19 plots net Treasuries pledged by banks. Figure IA.20
plots upgrades and downgrades separately.

16Figure IA.11 provides the savings by asset class.
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The capital reduction represents equity that investors would otherwise need to source
externally, and for levered investors, freed equity supports a multiple of its face value in
levered exposures. The right panel of Figure 5 reports that large qualifying hedge funds have
operated at average gross leverage ratios of roughly 10:1 in recent years. Applying this ratio
implies that the $70 billion capital reduction could support approximately $700 billion in
additional notional exposure capacity—a large figure given the hedge fund industry likely
has on the order of $3 trillion in total assets.17

5.4 Dealer Collateral Swap Capacity

Dealers’ ability to alleviate collateral scarcity through collateral swaps varies with their
own constraints. These constraints could stem from balance sheet limits, the bank’s own
haircuts, and changes in the bank’s liquidity and risk management. Hence the ability of
bank-intermediated collateral swaps to offset margin-induced collateral shortages falls in bad
states, even as margin-induced collateral needs increase.

We test state-dependent pass-through to convenience yields by estimating the sensitivity
of ∆PC1t to the margin shocks Zt estimated in section 4.3. Each Zt is the idiosyncratic
component of margin-requirement changes after controlling for several standard risk proxies.
We proxy for banks’ collateral swap intermediation capacity two ways. First, we calculate
a constraint ratio that compares the collateral supplied through collateral swaps to total
margin posted to or by banks. Lower values indicate that banks intermediate less collateral
per unit of margin demand. Second, we aggregate total value-at-risk across banks’ trading
desks, then multiply by −1 so lower values indicate tighter constraints. Higher VaR tightens
market-based risk limits and consumes bank capital, raising the internal cost of funding and
reducing the profitability of low-margin intermediation. Both measures therefore directly
capture states when it is more expensive for the banks to intermediate collateral swaps.
The Internet Appendix plots these series in Figures IA.21 and IA.22. We then sort the two
measures into quintiles, with the lowest quintile reflecting periods of tight constraints.18

17Gross leverage ratios are from the OFR Hedge Fund Monitor, computed as the ratio of gross assets to net
assets from SEC Form PF filings, for the 11th through 50th largest hedge funds by gross assets. See the
Federal Reserve’s Flow of Funds series “Hedge Funds: Total Financial Assets.”

18Most directly, collateral swaps depend not only on the haircut difference between CCPs and the bank but
also on a second haircut arbitrage: banks must be able to borrow collateral at lower haircuts and lend
it at higher haircuts. Hence the collateral swap market critically depends on the banks’ haircut spread.
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We estimate the state-dependent sensitivity of convenience yields using

∆PC1t = α + βZt +
5∑
q=2

µqIq,t +
5∑
q=2

δq(ZtIq,t) + γ′Xt + εt

where Iq,t is an indicator equal to one when date t falls into a specific quintile of constraint,
Xt is a vector of controls, and Zt are the standardized CME margin shocks. The coefficients
µq capture level differences in ∆PC1t across quintiles, and δq capture how the slope with
respect to Zt in quintile q differs from the most constrained quintile. Quintile-specific slopes
are s1 = β for the most constrained quintile and sq = β + δq for the others.

Figure 6 reports the quintile-specific marginal effects sq by quintile. The most constrained
quintile shows a slope of 0.7 bps for a 1 standard deviation shock, versus −0.1 in the least
constrained quintile. The sensitivity is largely monotonic, decreasing as constraints fall. The
results are similar using all combinations of Zt measures and constraint measures, including
the ratio or VaR. The Internet Appendix provides the full regression table. The figure shows
that the elasticity in the most constrained state is 4 times the average elasticity in the other
quintiles.

We illustrate this amplification mechanism using the March 2020 episode. Figure 7 plots
banks’ collateral swap intermediation alongside margin demand and convenience yields over
the January–June 2020 window. Panel B shows that margin demand surged beginning in late
February as volatility spiked and CCPs raised requirements. Collateral pledged through swaps
did not keep pace—if anything, swap volumes fell as banks pulled back from intermediation.
Panel A shows the resulting collapse in the swap-to-margin ratio, which fell from its January
2020 average of 191 percent to 141 percent at the trough, a decline of 50 percentage points.
The pattern is consistent with banks being less able to intermediate collateral across clients.
Panel C shows that convenience yields spiked beginning in early March, remained elevated
through most of the month, and did not return to pre-crisis levels until after the Fed’s
interventions took hold, eventually falling below their January starting point.

The disconnect between margin demand and swap supply is the mechanism in Prediction 2:
when banks grow constrained, they stop buffering collateral scarcity through swaps, leaving
investors to face margin calls without recourse to the collateral transformation that swaps

Because banks borrow at higher haircuts in bad states, the profitability of collateral swaps falls in bad
states, pushing down swap volumes relative to margin demand.
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provide. Rising margin requirements and falling swap intermediation together amplify the
pass-through from collateral demand to convenience yields.

5.5 Dealer Collateral Swap Capacity in 2020

We quantify the amplification using a counterfactual exercise. For each trading day in March
2020, we assign the constraint ratio to its expanding-window quintile using data available
as of that date, then apply the corresponding quintile-specific slope estimated analogously
to those in Figure 6 to that day’s margin shock Zt. The cumulative contribution over the
month measures the total implied effect of margin shocks on convenience yields through the
collateral sink channel, accounting for the time-varying state of dealer intermediation.

Figure 8 plots the cumulative contributions under two scenarios. Under the actual path of
dealer constraints—which placed most of March 2020 in the most constrained quintile—the
cumulative contribution of margin shocks reaches 15 bps by late March, accounting for
roughly three-quarters of the observed 20 bp increase in the convenience yield PC1t. Under
the counterfactual in which banks maintain median intermediation capacity throughout the
episode, the same margin shocks contribute less than 1 bp. The difference—approximately 14
bps—represents the amplification cost of dealer withdrawal from the collateral swap market.

These estimates are complementary to other accounts of the March 2020 Treasury market
stress. He et al. (2022) show that selling pressure from large holders of Treasuries, absorbed
by dealers subject to SLR constraints, drove Treasury yields above OIS rates. Our channel
operates through a distinct margin-induced shock to collateral demand, amplified by the same
underlying dealer constraints that limited balance sheet capacity for absorbing sales. The
two mechanisms reinforce each other: selling pressure and margin calls both increase dealer
balance sheet usage, and the resulting tightening of constraints simultaneously reduces dealers’
willingness to absorb Treasury supply and to intermediate collateral swaps. That the collateral
sink channel alone can account for a substantial share of the observed convenience yield
spike suggests that margin-driven collateral demand is quantitatively important alongside
the selling-pressure channel.
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6 Conclusion

Safe assets earn their convenience yields through several channels. We provide new evidence
on a typically unobserved facet: aggregate collateral demand. We use detailed administrative
data to show that aggregate collateral demand is an important driver of convenience yields.
Moreover, we provide novel evidence on how the collateral swap market helps, but banks’
ability to intermediate the swaps covaries with financial conditions. Intermediaries hold
more liquidity post-crisis to meet regulations, contributing to substantially higher aggregate
collateral demand. Yet we show that a nontrivial share of that aggregate collateral is satisfied
only with the help of intermediaries. When those intermediaries are unwilling or unable to
shuffle collateral around the financial system from those who have collateral to those who
need it, collateral and liquidity buffers may prove less stable than expected.
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7 Figures
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Figure 1: Collateral Sinks. Total amount of sunk collateral using the methodology described in Section 2, aggregating
across all collateral types and all banks. Left panel shows the data in levels; the right panel plots Sink(All)t and associated
category-level measures that normalize sunk collateral by the market value of privately held Treasuries outstanding.
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Figure 2: Marginal Explanatory Power of Collateral Sinks. Figure plots the percent increase in R2 from adding each
regressor to a specification of daily changes in convenience yields (PC1) that includes all other regressors. The parsimonious
specification includes proxies for sovereign credit risk (∆US CDS) and Treasury market liquidity (∆5yr Bid-Ask Spread) alongside
collateral sinks. The kitchen sink specification adds the VIX, BAA-AAA spread, breakeven inflation, the effective federal funds
rate, and the remaining implied volatility and equity return controls.
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Figure 3: Collateral Swap Example. Figure provides an example collateral swap in which an investor transforms equities
into Treasuries (UST).

40



400

600

800

1,000

1,200

2016 2018 2020 2022 2024 2026

$ Billions

Figure 4: Collateral Swaps Outstanding. Figure plots the total market value of gross collateral pledged by banks through
collateral swaps.
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Figure 5: Estimated Margin Capital Reduction and Implied Notional Exposure from Collateral Swaps. The left
panel calculates the capital reduction using CME haircuts, time-varying dealer reverse repo haircuts, and the volume of risky
collateral posted to banks through collateral swaps per equation (A2). The right panel multiplies the capital reduction by the
equal-weighted average gross leverage ratio of the 11th through 50th largest qualifying hedge funds, as reported by the OFR
Hedge Fund Monitor from SEC Form PF filings. See section IA.D for methodology details.
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Figure 6: State-dependent Pass-through. Figure plots the total marginal effect of Zt
on ∆PC1t by bank constraint state, which are calculated either using the ratio of total
collateral pledged by banks in collateral swaps to total margin posted by or to banks or
alternatively by the total value-at-risk across banks’ trading desks.
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Figure 7: Collateral Swap Intermediation, Margin Demand, and Convenience
Yields During COVID-19. Panel A plots the ratio of collateral pledged by banks in
collateral swaps to total margin posted. Panel B plots the levels of collateral pledged in
swaps and total margin posted, both in billions of dollars. Panel C plots the first principal
component of convenience yield measures. The sample window is January–June 2020. Dashed
horizontal lines indicate January 2020 averages. Vertical lines mark February 20 (first stock
market crash), March 15 (emergency Fed rate cut), and March 23 (announcement of Fed
emergency facilities and asset purchases).
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plots the cumulative implied contribution of daily margin shocks Zt to convenience yields (PC1) over March 2020 under two
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Table IA.18, where quintiles are assigned using expanding-window sorts on the collateral swap constraint ratio using only data
available as of each date. The dashed line applies the median-quintile (Q3) slope to every day, representing the counterfactual in
which banks maintain median collateral swap intermediation capacity throughout the episode. The gap between the two lines
measures the amplification of margin shocks attributable to dealer withdrawal from the collateral swap market.
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8 Tables

A. Repo and Securities Lending Mean SD Min Max
Treasuries 232 136 77 605

Other HQLA 288 92 191 555
Other Non-HQLA 213 51 136 375

Total 732 268 468 1,482

B. Collateral Swaps Mean SD Min Max
Treasuries 29 17 5 106

Other HQLA 124 36 44 192
Other Non-HQLA 62 22 20 145

Total 215 65 72 375

C. Margin Mean SD Min Max
Cash 221 59 150 407

Treasuries 104 44 34 193
Other HQLA 120 70 20 248

Other Non-HQLA 81 38 37 190
Total 526 175 251 788

D. Liquidity Coverage Ratio (LCR) Mean SD Min Max
Treasuries 351 280 0 1,141

E. Aggregated Mean SD Min Max
Cash 221 59 150 407

Treasuries 715 457 159 1,993
Other HQLA 532 167 289 930

Other Non-HQLA 356 105 233 700
Total 1,824 722 919 3,773

F. Over Treasuries Outstanding, percent units, N=2,460. Mean SD Min Max
Repo & Sec. Lending 4.5 0.7 3.4 6.1

Collateral Swaps 1.3 0.3 0.7 1.9
Margin 3.2 0.6 2.3 4.7

LCR 2.0 1.1 0.0 4.6
Sink(All)t 11.1 1.7 8.0 15.3

Table 1: Collateral Sink Summary Statistics. Daily data 2016 to 2025. Billions USD
and N=2,474 except where noted. Collateral sink data described in Section 2. Aggregated
reflects the sum of sunk collateral across repo/securities lending, collateral swaps, margin,
and LCR-related holdings. HQLA is high quality liquid assets. Bottom panel calculated
relative to the total market value of privately held Treasuries outstanding averaged over the
previous five days; See Internet Appendix for construction.
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PC1t (Levels) ∆PC1t (Changes)
No Controls Vol Controls All Controls No Controls Vol Controls All Controls

(1) (2) (3) (4) (5) (6)
Collateral Sink Measures
Sink(All)t 4.099∗∗∗ 4.209∗∗∗ 4.491∗∗∗ 2.646∗∗ 2.949∗∗ 2.746∗∗

(3.04) (3.39) (2.74) (2.28) (2.60) (2.34)
Equity Implied Vol. 0.016 0.049 −0.008 −0.105

(0.23) (0.48) (−0.23) (−1.26)
Treasury Implied Vol. −0.634 −0.743 0.164 −0.100

(−1.07) (−1.52) (0.40) (−0.23)
FX Implied Vol. 0.589 0.383 0.337 −0.157

(0.94) (0.77) (1.01) (−0.49)
Oil ETF Implied Vol. 0.009 0.004

(1.09) (0.57)
S&P 500 Return −22.952

(−1.63)
Effective Fed Funds Rate 24.785∗∗∗ 19.423∗∗∗

(4.69) (4.57)
BAA-AAA Spread −0.701 −3.712

(−0.21) (−0.97)
US CDS 18.473 22.695∗∗

(1.56) (2.28)
5yr Treasury Bid-Ask Spread 1016.887 1121.093∗∗

(1.59) (2.47)
5y5y Breakeven Inflation −2.812 −12.671∗∗∗

(−0.69) (−3.96)
N 2,441 2,387 2,381 2,407 2,344 2,334
R2 0.01 0.02 0.21 0.00 0.01 0.09
Time FE Yes Yes Yes No No No

Table 2: Treasury Convenience Yield and Collateral Sinks. Daily regressions 2016
to 2025. LHS variable is the first principal component (PC1) of six convenience yield proxies.
RHS variables are sunk collateral and a variety of controls pertaining to implied volatility
and market liquidity, inflation and default risk. Columns (1)–(3) are in level terms. In
columns (4)–(6) the independent and dependent variables are in changes. Levels regression
include weekly fixed effects. Constant omitted. t-statistics shown using heteroskedastic and
autocorrelation consistent standard errors using the Newey and West (1994) automatic lag
selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Correlation of PC1 with:
Treasury margin as share of all margin −0.51∗∗∗ (p=0.00; N = 2, 445)
Treasury collateral as share of collateral sinks −0.40∗∗∗ (p=0.00; N = 2, 442)

Table 3: Correlation of PC1 and Treasury Portfolio Choice. Table presents the
correlation of PC1 with Treasury margin as a share of all margin and Treasury collateral as a
share of collateral sinks. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

47



Panel A: Second Stage

Dependent Var.: ∆PC1t
(1) (2) (3) (4) (5) (6)

∆ ̂Sink(Margin)t 3.47∗∗∗ 2.68∗∗∗
(2.95) (2.74)

∆ ̂Sink(Excl. LCR)t 2.28∗∗∗ 1.82∗∗∗
(2.83) (2.63)

∆ ̂Sink(All)t 3.56∗∗ 2.72∗∗
(2.24) (2.26)

N 1,210 1,155 1,210 1,155 1,210 1,155
Controls No Yes No Yes No Yes

Panel B: First Stage

∆Margin/UST Out. ∆Sinks (Excl. LCR)/UST Out. ∆Sinks/UST Out.
(1) (2) (3) (4) (5) (6)

GIVt 0.08∗∗∗ 0.10∗∗∗ 0.13∗∗∗ 0.14∗∗∗ 0.08∗∗∗ 0.10∗∗∗
(4.10) (4.95) (3.78) (4.40) (2.61) (3.11)

N 1,210 1,155 1,210 1,155 1,210 1,155
F − stat 16.84 24.53 14.25 19.34 6.79 9.65
Controls No Yes No Yes No Yes

Panel C: OLS

Dependent Var.: ∆PC1t
(1) (2) (3) (4) (5) (6)

∆Sink(Margin)t 0.02 0.01
(0.31) (0.09)

∆Sink(Excl. LCR)t 0.22 0.20
(1.62) (1.35)

∆Sink(All)t 0.17 0.17
(1.61) (1.46)

N 1,210 1,155 1,210 1,155 1,210 1,155
R2 0.00 0.05 0.01 0.05 0.00 0.05
Controls No Yes No Yes No Yes

Table 4: Granular IV. Daily data 2016-2020. Table presents the first-stage, second-stage,
and OLS estimates described in Section 4.1. The first two columns instrument for sunk margin
relative to Treasuries outstanding, the middle two for collateral sinks excluding LCR-related
components, and the last two for the full collateral sink measure. Controls include changes
in the VIX, Treasury, FX, and oil implied volatilities; the S&P 500 return; the change in
the effective federal funds rate; and changes in the Baa–AAA spread, the U.S. 5-year CDS
spread, the 5-year Treasury bid–ask spread, and the 5-year–5-year breakeven rate. Constant
omitted. t-statistics shown using heteroskedastic and autocorrelation consistent standard
errors using the Newey and West (1994) automatic lag selection procedure where ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.
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∆PC1t ∆PC1Longt ∆PC1Shortt

(1) (2) (3) (4) (5) (6)
∆Sink(All)t 2.646∗∗ 2.517∗∗ 0.440 0.583 2.895∗∗ 2.758∗∗

(2.28) (2.15) (1.03) (1.29) (2.17) (2.05)
N 2,407 2,334 2,407 2,334 2,407 2,334
R2 0.00 0.09 0.00 0.18 0.00 0.09
Controls No Yes No Yes No Yes

Table 5: Collateral Sinks and Convenience Yields by Maturity. Daily data 2016 to 2025. Table regresses daily changes
in convenience yield measures on daily changes in collateral sinks relative to Treasuries outstanding, separately for the all-maturity
first principal component (PC1), the long-maturity component (PC1Long, constructed from the 10-year TIPS-Treasury spread
and the 30-year OIS swap-Treasury spread), and the short-maturity component (PC1Short, constructed from the GCF repo-Tbill,
OIS-Tbill, Fed funds-Tbill, and negative Z-spreads). Odd columns include no controls; even columns include the full set of
controls and ∆ ln(Treasuries Outstanding). t-statistics shown using heteroskedastic and autocorrelation consistent standard
errors using the Newey and West (1994) automatic lag selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Panel A: Treasury Swap Spreads
2Y 5Y 10Y 30Y PC1 PC1 PC1
(1) (2) (3) (4) (5) (6) (7)

∆Sink(All)t 1.007∗∗∗ 1.005∗∗∗ 0.915∗∗∗ 0.783∗∗∗ 0.076∗∗∗ 0.071∗∗∗ 0.060∗∗∗
(3.34) (3.11) (3.63) (2.65) (4.31) (4.13) (3.89)

∆PC1 FX Basist 0.030∗∗ 0.028∗∗
(1.99) (2.41)

N 2,424 2,424 2,424 2,424 2,424 2,368 2,299
R2 0.00 0.01 0.01 0.00 0.01 0.02 0.06
Controls No No No No No No Yes

Panel B: Non-Treasury Arbitrage Spreads
FX Basis FX Basis PC1 CDS-Bond Basis

EUR JPY GBP PC1 PC1 IG HY
(1) (2) (3) (4) (5) (6) (7)

∆Sink(All)t 0.806 3.213 0.904 0.117 0.094 −1.309 −3.618
(0.60) (0.92) (0.58) (0.73) (0.80) (−0.88) (−0.90)

N 2,408 2,418 2,392 2,368 2,299 2,424 2,422
R2 0.00 0.00 0.00 0.00 0.14 0.00 0.00
Controls No No No No Yes No No

Table 6: Collateral Sinks and Arbitrage Spreads. Daily data 2016-2025. Panel A regresses daily changes in LIBOR swap
spreads at the 2-, 5-, 10-, and 30-year tenors, as well as their first principal component (PC1), on changes in collateral sinks
relative to Treasuries outstanding. Columns (6) and (7) add the first principal component of the FX basis spreads from Panel B
as a control; column (7) further includes the full set of controls. Panel B regresses daily changes in non-Treasury arbitrage
spreads on the same measure: 3-month covered interest parity deviations for EUR, JPY, and GBP (SOFR-based), their first
principal component, and investment-grade and high-yield CDS-bond bases. Column (5) adds the full set of controls to the FX
basis PC1 specification. t-statistics shown using heteroskedastic and autocorrelation consistent standard errors using the Newey
and West (1994) automatic lag selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Option 1 Option 2
Direct posting Collateral swap

Haircuts
CCP haircut on equities (%) 30.0 —
Dealer haircut on equities (%) — 10.0
CCP haircut on Treasuries (%) — 4.5

Per $100 of equities pledged
Treasuries received from dealer ($) — 90.00
Margin coverage at CME ($) 70.00 85.95
Cash shortfall to fund externally ($) 30.00 14.05
Annualized dealer swap fee ($) — 0.68

Capital reduction per $100 of equities pledged ($)
Cash saved vs. direct posting — 15.28

Table 7: Illustrative Equity-for-Treasury Collateral Swap. Table walks through the haircut arbitrage from posting
equities directly to the CME versus pledging them through a collateral swap, per $100 of equities pledged. CCP haircuts follow
CME schedules; the dealer’s 10 percent equity haircut and 75 bps fee are the illustrative parameters used in Section IA.D.
Margin coverage at CME is the post-haircut value of collateral the CCP accepts. Capital reduction follows equation (A2):
(1− htccp)(1− h`d)− (1− h`ccp)− f(1− h`d) per dollar of equity pledged.
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Internet Appendix to

Aggregate Collateral Demand
Sriya L. Anbil, Toomas Laarits, Chase P. Ross, Sharon Y. Ross

The Internet Appendix consists of five sections. Section IA.A provides additional details
about the data. Section IA.B provides additional institutional details and results related to
margin. Section IA.C details the CME margin based IV estimation. Section IA.D provides
additional institutional details and results related to collateral swaps, including additional
summary statistics and no arbitrage collateral swap pricing derivation. Section IA.E presents
additional tables and figures.

IA.A Data

IA.A.1 FR2052a Data Details

We focus on data provided by the largest banks that consistently provide daily balance sheet
data through the full sample, from 2016 through 2025. We limit to the top-level consolidated
bank holding company and we limit to dates when all banks report data and exclude internal
transactions. We clean the data in several ways to reduce outliers, namely around a reporting
requirement change in May 2022 that changed several dimensions of the data collection,
namely the classification of posted margin (which provided more granular data on where
the margin is posted) and counterparty types (which provided more granular definitions
of counterparties). We manually adjust the series in these cases to create consistent and
comparable data over the sample. We manually clean the data in a handful of other cases
and dates when reported data is likely an outlier or when the reported data is incomplete.

The data provides the market value for some assets and provides maturity values for other
assets. Notably, posted margin is reported at the market value of the underlying collateral,
while SFTs are reported based on the maturity value of the SFT itself, not the market value
of the underlying collateral, with the difference reflecting a haircut. We focus on the maturity
value of the SFT, which reflects the post-haircut market value of the collateral.

IA.A.2 FR VV-1 Data Details

We use the FR VV-1 data to estimate total gross notional exposures for banks’ trading desks.
The data reporting requirements changed in 2021, and we filter the data by limiting to the
set of banks that report consistently through the full sample. We exclude a handful of desks
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with outlier positions, focusing principally on those that report consistently through the full
sample and we winsorize level variables—including PnL, market values, notional values, and
value-at-risk levels at the 0.1 and 99.9 percentiles by bank to reduce the influence of outliers.
We assign desks to asset classes based on the text of the desk name or its description, and
desks that do not match any of our asset class keywords are denoted unclassified, although
these constitute a small share of the sample.

One challenge to estimating notional exposures for banks, and their realized margin
requirement ratios, is that banks stopped reporting trading desk notional exposures in FR
VV-1 beginning in 2021, instead reporting daily gross notional flows. We estimate post-2020
trading desk notional exposures using the bank-holding companies’ public quarterly Y-9C
reports.

FR VV-1 data provides notional exposures for trading desks until 2020. Following a
change in reporting requirements, banks switched to reporting daily gross notional flows in
2021. It is not possible to reconstruct the notional level from gross flows without making
several assumptions about the maturity structure of the existing contract base. Instead,
we estimate the daily notional levels using public quarterly filings that large bank-holding
companies report in the FR Y-9C. In particular, we use data on the notional principal amount
of derivative contracts by clearing (OTC vs. centrally cleared), asset class (interest rate, FX,
equity, etc) and maturity (1 year or less, 1 to 5 years, over 5 years). The variables correspond
to BHCKS582 to BHCKS623.

The two datasets provide related but different measures of notional exposures. The
VV-1 data spans derivatives booked on covered trading desks, while the Y-9C data spans all
derivative positions held by the holding company, which includes both the dealer (where the
trading desk sits) along with non-dealer subsidiaries, namely their depository institutions.
On average, aggregate VV-1 data spans about 80 percent of total notional exposures reported
in Y-9C, with the difference likely stemming from asset-liability management and hedging
activities in the BHC’s bank subsidiary.

We estimate the daily notional level in several steps. First, we collapse both the Y-9C
and VV-1 data to comparable broad asset classes: credit, equity, foreign exchange, rates,
and unclassified. We calculate total notional from VV-1 by summing the absolute value of
notional exposures of derivatives carried as assets and those carried as liabilities. To reduce
step changes introduced by quarterly data, we calculate a moving average of the Y-9C that
assigns to date t the weighted average of the Y-9C value from the previous quarter and the
next quarter, where the weight is the number of days since the previous quarter end. We
merge the two panels together and calculate the average ratio of VV-1 notional to the Y-9C
notional by bank, weighted by the asset class’s share of a bank’s total notional in a given
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quarter to reduce the influence of outliers. We estimate daily levels by multiplying the Y-9C
notional by the estimated ratio, and we add the level difference between the estimated 2020
Q4 value and the actual VV-1 level. We plot the actual trading notional, estimated trading
notional, and the Y-9C notional in Internet Appendix Figure IA.12.

For our set of banks, we calculate effective margin requirement using

Effective Margin Requirementt = Margin Postedt
Notional Exposurest

.

We term this the effective margin requirement because it represents the amount of margin the
bank must post given its portfolio of derivatives, rather than a contract-by-contract weighted
average. Banks post margin equal to 22 bps of their notional exposure on average, with
cash accounting for 15 bps and Treasuries 3 bps. The margin ratio was perhaps falling until
the Covid pandemic, then increased by 15 bps, and broadly stayed at a higher average level
following the pandemic, but with many local peaks and troughs.

An immediate concern is that our estimate of the margin ratio is biased by our use of
estimated daily notional exposures beginning in 2021. As robustness, we note that variation
in the numerator—margin posted—explains roughly 3 times more of the variation in the ratio
than the denominator in the period we observe the numerator and denominator perfectly. We
decompose the log variance of the ratio, such that Var(ln(Margin Ratio)) = Var(ln(Margin
Posted)) + Var(ln(Notional exposures)) - 2 Cov(ln(Margin Posted), ln(Notional exposures)).
Var(ln(Margin Posted)) explains 172% and Var(ln(Notional exposures)) explains 63% of the
variance of the log ratio, and the covariance term explains -135%.

IA.A.3 Convenience Yield Measures

1. GCF repo – Treasury bill spread: three-month general collateral financing repo
rate minus the three-month T-bill yield.

2. OIS – Treasury bill spread: three-month overnight-indexed swap rate minus the
three-month T-bill yield.

3. Fed funds – Treasury bill spread: spread of effective Fed funds rate and three-month
T-bill yield; maturity-matched using OIS curve.

4. Negative Z-spread: the average T-bill yield (4 to 26 weeks to maturity) minus the
fitted Treasury curve; value multiplied by negative one so that larger values indicate
higher convenience. Greenwood et al. (2015).
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5. 10-year TIPS – Treasury spread: yield on a synthetic nominal 10-Year Treasury
equal to the nominal TIPS yield plus a matched-maturity inflation swap minus the
actual nominal Treasury yield; Fleckenstein et al. (2014).

6. 30-year OIS swap - Treasury spread: 30-year overnight-indexed swap quoted rate
minus maturity-matched nominal Treasury yield estimated from fitted yield curve.
Feldhütter and Lando (2008); Du et al. (2023).

IA.A.4 Other Variables Description

• Market value of Treasuries outstanding. We collect Treasury auction data from Trea-
suryDirect to calculate the face value of Treasuries outstanding at a daily frequency; we
exclude SOMA purchases from the face value by either using the most recent SOMA
portfolio holding reported by the New York Fed (which is reported weekly on Wednes-
days) or, if that number is unavailable, SOMA’s purchase at issuance as reported by
TreasuryDirect. We use data from TreasuryDirect to net buybacks. We then merge the
resulting face value of privately held Treasuries with the CRSP daily Treasury file, and
calculate the market value of Treasuries outstanding by multiplying the face value by
the dirty price (the sum of the clean price and accrued interest). We require a CUSIP
has data from both TreasuryDirect and price data from CRSP to be included. We
then calculate a five day moving average, from t− 4 to t, to use as the denominator in
the ratios to remove mechanical variation over the week stemming from bill issuance
patterns and the weekly Wednesday SOMA portfolio disclosures.

• Equity Implied Volatility. VIXCLS from FRED.

• Treasury Implied Volatility. Implied volatility for second 10-year Treasury note from
Morgan Markets.

• FX Implied Volatility. Implied volatility for G10 currencies three-month at-the-money
forward options, weighted by turnover from Morgan Markets.

• Oil Implied Volatility. Implied volatility of CBOE crude oil ETF from FRED.

• U.S. Credit Default Swap spread. We use the 5-year senior unsecured credit default
swap for U.S. sovereign debt denominated in EUR with document clause of CR (before
September 2014) or CR14 (after September 2014). Data from Markit.

• 5-year Treasury bid-ask spread. Based on data provided by the interdealer broker
community.
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• 5-year/5-year breakeven inflation rate. Calculated using hot-run yields from Morgan
Markets.

IA.B Margin Details

An example of the lifecycle of a derivative trade makes the margin mechanics clear. Suppose
an investor goes long $1 million of notional exposure to a 30-year U.S. Treasury future settling
in September 2025 (10 UBU5 contracts each with $100,000 face value). The contract trades
at 117’25 (the digits after the tick are units of 32nds), or 117.78125 per contract with face
value of $100,000. When the trader takes on the position, they post margin equal to the
initial margin, which is $5,150 per contract for a total of $51,500. At initiation, the trader
posts no variation margin because they start with no profit or loss. Suppose the price falls by
12 ticks to 117’13, 117.40625. The trader loses 12/32 of a point for each contract for a total
loss of $3,750. The equity in their account is now 51, 500− 3, 750 = 47, 750. Assuming that
the initial margin requirement is equal to the maintenance margin requirement, the CCP
issues a margin call and the trader needs to post an additional $3,750 of collateral.

The six largest U.S. banks alone posted nearly $800 billion in recent years. Our $800
billion margin estimate is an undercount of margin requirements for the aggregate financial
system because it does not include the full set of market participants. Assuming the ratio
of centrally cleared margin to total margin for the largest banks—26 percent—captures the
true market structure, the CFTC’s estimate of $770 billion in early 2025 implies total margin
posted of $2.8 trillion (see Figure IA.16). As a point of comparison, total initial margin
posted to CCPs globally was $1.3 trillion in 2024, a lower bound on total margin because it
excludes bilateral margin requirements (CCP Global, 2024). Even more, margin requirements
also include separate “default fund” contributions which are mutualized loss-sharing funds
that CCPs require their members to prefund. While this also requires large balances—CCPs
required about $170 billion in 2024 globally—the number tends to be slower moving.

Table IA.12 shows notional exposures, defined as the sum of notional for derivatives
carried as assets plus those carried as liabilities, based on daily data from 2014 through 2020.
Figure IA.13 plots the time series of notional exposures.

IA.C Idiosyncratic Margin Requirement IV

We now turn to a second identification strategy that exploits idiosyncratic features of the
CME’s margin-setting framework. Margin requirements principally vary with the derivative’s
underlying risk, yet margin-setters still have idiosyncratic preferences that may drive a wedge
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between the actuarial “fair” margin requirement and the actual requirement. We focus on the
idiosyncratic margin choices of CME, possibly the largest single margin-setter. While CME’s
margin requirements closely follow volatility measures, there are nontrivial and time-varying
residuals unexplained by a wide set of aggregate factors. Our basic identifying assumption is
that these residuals are not systematically correlated with unobservable aggregate factors
but are instead correlated with the CME’s distinct risk management preferences.

To be sure, CME’s margin requirements reflect a complex set of house rules. The
calculation depends on volatility and the range of expected price movements, look-back
windows and stress add-ons, floors and buffers and assumptions about how quickly positions
can unwind under stress. There are also product-specific charges related to delivery and
concentration, and adjustments stemming from risks faced by similar products. The factors
are also updated on a discrete schedule that introduces step changes through time. The
combination of these factors means that CME margins depend on more than simple actuarial
estimates of the product’s volatility or other standard risk measures—measures that we think
could drive the convenience yield. Therefore we have good reason to believe that the residual
from a regression of margin requirements on standard risk measures is not hidden macro risk,
but rather an artifact of CME’s risk-management preferences for tail hedging, smoothing
through the cycle, and microstructure frictions.

We can quickly confirm this by regressing the change in margin requirements for E-mini
S&P500 futures on changes in the VIX, which yields an R2 of 40 percent. But splitting the
regression to reflect the sign of the change in the VIX we see a clear asymmetric response in
margin requirements: a one-unit increase in the VIX is associated with a 3.7pp increase in
margin requirements, while a one-unit decrease in the VIX decreases margin requirements by
2.7pp. Margin requirements increase 33 percent faster than they decrease for identically-sized
moves in the VIX. See Table IA.9.

We exploit this fact in a two-step process. First, we estimate the residuals for several
benchmark CME products’ margin requirements after controlling for a wide set of aggregate
risk measures:

∆(Margin Requirement)c,t = α + β′Xt + εc,t

where Xt is a vector of controls and c denotes a contract. When margin requirements increase
by more than the factors would predict, then εc,t > 0. We focus on margin requirements for
six top-tier futures contracts across several asset classes: commodities (WTI Crude), equities
(E-mini S&P 500, E-mini Dow), FX (Euro/USD), and rates (2 and 10-year Treasury notes).
For each contract, we regress the daily changes in its margin requirements on the following
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controls (all in daily changes): VIX, Treasury implied volatility, FX implied volatility, crude
oil ETF implied volatility, S&P500 return, effective funds rate, Baa/Aaa spread, U.S. 5-year
CDS spread, 5-year Treasury bid-ask spread, and the 5-year/5-year inflation breakeven rate.
We describe the variables and their construction in IA.A. We winsorize the residuals at the
5th and 95th percentile to reduce the influence of outliers. We aggregate the residuals to a
single daily time series of margin shocks by taking an average of the z-scored residuals, Zt.19

We then use the shocks as instruments for the change in the collateral sink ratio in a
two-step process. First, we regress ∆St, the change in the collateral sink ratio, on the margin
shocks:

∆St = α1 + πZt + δ′Xt + ut.

Then, we regress the first principal component of the convenience yield on the estimated ∆̂St

∆PC1t = α2 + β∆̂St + κ′Xt + εt.

To make interpretation easier, we standardize both Zt and the collateral sink ratio to have
mean 0 and unit standard deviation.

The top panel of Table IA.8 shows the second stage results. The first two columns
instrument for sunk margin relative to Treasuries outstanding, the middle two for collateral
sinks excluding LCR-related components, and the last two for the full collateral sink measure;
odd-numbered columns include no controls and even-numbered columns include the full
control set. The second-stage coefficient is positive and statistically significant across all
specifications, ranging from 1.9 to 3.6 bps. Using the estimates in column (6), a one-standard
deviation increase in the instrumented change in the collateral sink ratio (8 bps) raises ∆PC1
by 2.4 basis points, roughly 60 percent of its standard deviation. The coefficient is stable
as the endogenous variable broadens from sunk margin to the full sink measure, indicating
that the margin-driven variation alone is sufficient to identify the effect. The estimated
magnitudes are especially close to those from the GIV approach in the previous section,
providing further support for the validity of the estimates.

The second panel of Table IA.8 shows the first stage results. The relevance condition
requires that the instrument is sufficiently related to the instrumented variable, which is
confirmed by the F -statistics shown in the bottom row. The first-stage F -statistics are
strongest in the first four columns, where the endogenous variable is sunk margin and
non-LCR-related components, and decline as the endogenous variable broadens to include
LCR-related holdings that the margin instrument does not directly move. Moreover, the
19Alternative aggregations, like using the first principal component across the residuals, yield similar results.
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table confirms the economic intuition that tighter-than-expected margin should increase sunk
collateral rather than decrease it. We expect this: the direct reason is that sunk collateral
includes margin posted directly by the banks, so it should mechanically increase when they
are required to post more margin. Further, our measure of sunk collateral includes collateral
swaps and other transactions through which the banks’ counterparties themselves obtain
collateral to post as margin. As robustness, the Internet Appendix regresses Zt on different
measures of posted margin and finds a strong direct relationship (Table IA.10).

Is it plausible that CME margin requirements alone can drive aggregate collateral dy-
namics? We believe so for two reasons. First, the CME is consistently the first or second
largest CCP globally with respect to total required initial margin, hence its decisions have
material effects on aggregate collateral demand. Second, even though the CME sets margin
requirements only for its contracts, CCPs compete with one another to attract volume
and hence changes in the CME’s requirements are likely tightly correlated with margin
requirements at other CCPs (Park and Abruzzo, 2016). Anecdotal evidence also suggests
that bilateral exposures also, in part, set margins with reference to information implicitly
provided in CME’s margin requirements, so innovations to CME’s margin requirements are
likely closely correlated with margin conditions for bilateral contracts.

The instruments are constructed from contract-level residuals conditional on a wide set
of aggregate risk controls, so the residuals reflect CME-specific risk management choices
rather than economy-wide risk. Therefore, the residuals shift collateral demand mechanically
through margin requirements but, conditional on Xt, should not affect convenience yields
except through their effect on sunk collateral, as necessary for the exclusion restriction. As a
check, we include a placebo regression where we swap the instrument Zt with its one-month
lead and find no effects in either stage (Table IA.11).

IA.D Collateral Swap Market Details

Additional Institutional Details The dealer providing a collateral swap can source the
collateral from a supplier—perhaps an insurance company or a pension fund—or from its
own inventory; Figure 3 shows the former example. The dealer can also use the collateral
flows and fees to finance its own inventories. Importantly, the collateral swap has two legs:
an upgrade and a downgrade. The dealer engages in a collateral downgrade when it receives
equities and pledges Treasuries, shown in the left green box. By contrast, the dealer engages
in a collateral upgrade when it pledges the equities and receives Treasuries, shown in the
right green box. Some investors likely also prefer to post Treasuries as collateral even when
they have cash to avoid counterparty risk exposures to the CCP itself.
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Collateral swaps share many features with repos, and the collateral swap shown in Figure 3
can be implemented in simultaneous, matched book repos, but requires the use of cash in
intermediate steps, introducing more operational complexity to the transactions. Notably,
repos and collateral swaps differ because repos transform assets—typically safe assets like
Treasuries—into cash; collateral swaps directly swap one type of asset for another.

Collateral Swap Summary Statistics Table IA.13 shows that sovereign bonds constitute
the majority of total collateral pledged by banks in swaps, consistent with banks’ counterparties
using the swaps to acquire high quality collateral. Equities are also pledged in large volumes,
likely for short sales, although over the past decade the pledging of high quality government
bonds has grown nearly double the pace of equities, showing that collateral swaps are an
increasingly important tool to source high quality collateral rather than short sales.

The top half of Figure IA.14 shows that banks largely pledge collateral through the
swap to banks ($351 billion) and investment companies ($113 billion). The bottom half of
Figure IA.14 shows that the swaps transfer high quality collateral from insurance companies
and public sector firms to intermediaries and non-regulated funds.

Haircut Arbitrage Derivation We can price a collateral swap by no arbitrage by com-
paring the two options the investor faces when facing a margin requirement of M :

1. Post low quality collateral to the CCP with value V` at haircut h`ccp, fund the shortfall
at the investor’s cost of capital rc less the CCP’s rate paid on posted cash rm

2. Engage in a collateral swap with a dealer: posting low quality collateral to the dealer at
h`d in exchange for Treasuries; post the Treasuries to the CCP at haircut htccp, funding
the haircut at the investor’s cost of capital rc less the CCP’s interest paid on cash rm
and paying the fee quoted on the notional of Treasuries received20

For simplicity, we assume the dealer sizes the Treasuries delivered in the collateral swap
to be equal across the two collateral types, meaning there is no cash exchanged for haircut
differentials between the investor and the dealer at the initial leg. By no arbitrage, we can
write the fee at which the investor would be indifferent between posting to the CCP and
using the collateral swap by equating the returns from the two trades:
20We do not separately include the repo rate differentials that the dealer charges or receives on the two legs,
instead bundling these together into the fee; the intuition is unchanged if the fee is not separately quoted
and instead embedded into haircuts or repo rates. We also ignore the fee that the CCP charges on non-cash
posted, since it has a small effect and typically ranges 10 bps on the post-haircut collateral value.
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(
M − (1− h`ccp)V`

)
(rc − rm)︸ ︷︷ ︸

option (1)

=
(
M − (1− htccp)(1− h`d)V`

)
(rc − rm) + f (1− h`d)V`︸ ︷︷ ︸

option (2)

.

The difference between these two options is the savings per dollar of low quality collateral
posted to the swap:

Savings
V`

= (rc − rm)
[
(1− htccp)(1− h`d)− (1− h`ccp)

]
− f(1− h`d). (A1)

The expression indicates that the savings are larger—and the incentive to engage in
collateral swaps is stronger—depending on two factors: (1) investor cost of capital relative to
rm and (2) the difference in low-quality collateral haircuts at the dealer and CCP. A larger
spread between the haircuts makes collateral swap more profitable; we plot the tradeoff
between these two forces in Figure IA.15.

A simple numerical example makes clear. Suppose the lower quality collateral are 10-year
corporate bonds, which are swapped for 10-year Treasuries, and htccp = 4.5%, h`ccp = 25%,
h`d = 10%, and V` = $100. Two parameters are less easily observed: the cost of capital and
the collateral swap fee. We assume their cost of capital is equal to the short rate (IORB)
plus 8 percentage points; on average, this gives a cost of capital around 10 percent, roughly
in line with the return on equity for insurance companies. There is little data on collateral
swap fees, but market commentary suggests it is in the range of 50 to 100 bps, so we assume
f = 75 bps. Plugging in the values with rc − rm = 8 percent, the savings provided by the
swap are about 20 basis points on an annualized basis. Figure IA.15, which uses the same
parameters, shows that the collateral swap would be profitable so long as the rc − rm is at
least 6.2 percent.

Since it’s hard to know the cost of capital for such a diverse set of investors, it is perhaps
easier to quantify the capital reduction. We define capital reduction for the investor as the
difference in the amount of cash the investor has to get externally as[

(1− htccp)(1− h`d)− f(1− h`d)− (1− h`ccp)
]
V`. (A2)

The savings are harder to estimate since it requires assumptions about investors’ cost of
capital, but using the assumptions in the above example yields an average savings rate (as
measured in (A1)) of 1 percent, amounting to about $5.5 billion in 2024. The bulk of the
savings stems from the difference in banks’ equity repo haircuts of 10 percent compared to
the CME’s 30 percent.

To gauge aggregate implications, note that the capital reduction represents equity that
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investors would otherwise need to source externally. For levered investors, freed equity
supports a multiple of its face value in notional exposures. The right panel of Figure 5
reports gross leverage ratios from the OFR Hedge Fund Monitor, computed as the ratio of
gross assets to net assets from SEC Form PF filings. Large qualifying hedge funds (the 11th
through 50th largest by gross assets) have operated at average gross leverage ratios of roughly
10:1 in recent years. Applying this ratio implies that the $70 billion capital reduction could
support approximately $700 billion in additional notional exposure capacity. Even under the
conservative assumption that only half of collateral swaps serve margin-related motives, the
implied capacity remains large at $350 billion. Moreover, the effect is large given the hedge
fund industry likely has on the order of $3 trillion in total assets.21

Collateral Swap Savings We estimate collateral swap savings by using collateral swap
volumes and bank haircut data from FR2052a. We estimate haircuts by focusing on reverse
repos and securities borrowing transactions with no more than 91 days to maturity. Within
each cell, defined at the collateral class by SFT type (reverse repo or securities borrowing) by
maturity by bank by date, we calculate the haircut as 1−SFT loan value/SFT collateral value.
We exclude reverse repos and securities borrowing transactions that are likely driven by
short-sale motives by requiring the SFT have a positive haircut. We then take the median
haircut within the collateral type and date across the remaining cells.

We focus on collateral types that are comparable to CME’s acceptable collateral. For
equities, this includes U.S.- and foreign-listed common equity securities (classes E-1 through
E-4 in FR2052a, including the LCR qualifying classes). For ETFs, which are available only
beginning in May 2022, it includes both U.S.- and foreign-listed ETFs (E-5 and E-6). For
foreign sovereign bonds, we include debt issued by non-U.S. Sovereigns (excluding central
banks) with a 0 percent risk weight (S-1-Q). For IG corporate bonds, we include both LCR
and non-LCR qualifying investment grade corporate debt (IG-1 and IG-1-Q). We also collect
collateral swap data for the same collateral classes to estimate the value of risky collateral
pledged to banks. We assume CME haircuts are 4.5 percent for Treasuries, 25 percent for
ETFs and investment grade corporate bonds, and 30 percent for equities. We assume a
collateral swap fee of 0.75 percent, and rc − rm of 8 percent.

21See the Federal Reserve’s Flow of Funds series “Hedge Funds: Total Financial Assets.”
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Figure IA.1: CME Margin Requirements. Blue line plots the CME’s margin requirement for 10-year Treasury (TY) and
E-mini S&P 500 (ES) futures contracts expressed as percent of the contract notional. Red line plots the implied volatility for the
same contracts.
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Figure IA.2: Margin Posted. Figure plots total margin posted, cash posted as margin,
and Treasuries posted as margin. Plot uses week-end values.
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Figure IA.3: Secured Financing Transactions. Figure provides the pre-haircut value of all collateral pledged by banks in
our sample in repos, securities lending transactions, and collateral swaps. Plot uses week-end values.
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Figure IA.4: Distribution of Collateral Flow Imbalances. Figure is a histogram of the collateral flow imbalance variables
described in section 2. Data aggregates across all banks in our sample, and the imbalance measure is at the date by counterparty
by settlement type level.
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Figure IA.5: Median Collateral Flow Imbalances by Counterparty and Settle-
ment. Figure provides the median collateral imbalance by counterparty and settlement type;
imbalance variable described in section 2. Data aggregates across all banks in our sample;
bars denote two standard deviations and are truncated at -1 and 1. To preserve confidentiality,
we plot only the settlement × counterparty pairs that appear across all banks in the sample.
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Figure IA.6: Alternative Collateral Sink Measures. Figure plots four specifications of the aggregate collateral sink.
“Main” is the benchmark measure, which includes repo and securities lending collateral pledged to sink counterparties, collateral
swap outflows, non-rehypothecatable and centrally cleared margin, and the LCR Treasury residual lower bound. “Excl. LCR”
removes all LCR-related components. “Full LCR” replaces the Treasury residual lower bound with total estimated HQLA
required (the sum of estimated net cash outflows). “Mgmt Buffer” adjusts net cash outflows by the bank-specific 5th percentile
of observed LCR ratios before computing the Treasury residual. Left panel shows levels in trillions of dollars. Right panel shows
each measure as a percent of the market value of Treasuries outstanding, where both numerator and denominator are five-day
moving averages.

IA
.17



0

20

40

60

2016 2018 2020 2022 2024 2026

Treasury margin as share of all margin
Treasury collateral as share of collateral sinks

Percent

Figure IA.7: Treasuries in Margin and Collateral Sinks. Figure plots Treasury
margin as a share of all margin and Treasury collateral as a share of all collateral sinks.
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Figure IA.8: Derivative Beta Estimates by Asset Class. Figure plots βader,A and βader,L
in (20) by asset class.
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Figure IA.9: GIV. Figure plots the one-month moving average of GIV in blue along with
its daily values in grey. We standardized GIV to have zero mean and unit standard deviation.
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Figure IA.10: Magnitude Comparison. Figure plots the average size of several markets
in 2024.
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Figure IA.11: Estimated Margin Capital Reduction provided by Collateral
Swaps. Figure uses CME haircuts, time-varying dealer reverse repo haircuts, and the
volume of risky collateral posted to banks through collateral swaps and calculates the capital
reduction using (A2). See section IA.D for methodology details.
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Figure IA.12: Estimated Notional Post 2020. Plots the actual VV-1 notional, estimated VV-1 notional, and actual Y-9C
notional. See Internet Appendix for discussion of the estimation.
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Figure IA.13: Notional and the Effective Margin Ratio. Top panel plots total
notional exposure, along with exposures specifically for rates and FX desks. Bottom panel
plots the Effective Margin Ratio, which is the ratio of posted margin to notional exposures.
Plot uses week-end values.
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Figure IA.14: Collateral Swap Market Structure. Figure plots flows in collateral
swaps averaged from May 2022 to December 2024, matching the period we have detailed
counterparty data.
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Figure IA.15: Regions of Collateral Swap Viability. Figure plots the regions where collateral swaps are economically
profitable for an investor needing to post margin, as a function of the spread between the investor’s cost of capital and the
rate paid by the CCP on cash (rc − rm) against the difference in low-quality collateral haircuts. Figure assumes htccp = 4.5%,
h`d = 10%, and f = 75 bps.
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Figure IA.16: Margin Magnitudes. Figure plots the total cleared margin reported by the CFTC as well as an estimate
of total margin—including bilateral—that adjusts the CFTC number using the average of the largest banks’ bilateral margin
posted as a share of total posted margin.
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Figure IA.17: Convenience Yield PC1. Plots the first principal component of the six convenience yield proxies enumerated
in the Internet Appendix. Estimated from data from 2005 to 2025. For ease of interpretation, we rescale the first principal
component into the units of the 3-month OIS–Treasury spread by regressing the spread on the component and using the fitted
values as the rescaled principal component. Plot is weekly frequency.
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Figure IA.18: Net collateral pledged through collateral swaps. Figure plots the net
market value of collateral pledged by banks using collateral swaps.

-200

-150

-100

-50

01jan2016 01jan2018 01jan2020 01jan2022 01jan2024 01jan2026

$ Billions

Figure IA.19: Net Treasuries pledged through collateral swaps. Figure plots the
net market value of Treasuries pledged by banks using collateral swaps.
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Figure IA.20: Upgrades and Downgrades through Collateral Swaps. Figure plots
the total notional of collateral swaps that are upgrades, downgrades, or flat for the bank.
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Figure IA.21: Ratio of Collateral Swaps to Margin. Figure plots the ratio of collateral pledged by banks to margin
posted to or by banks.
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Figure IA.22: VaR. Figure plots the total VaR across the banks in our sample.
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Panel A: Margin Posted ($ billions) Obs. Mean SD Min Max
Cash 2,463 376 71 247 571
USTs 2,463 70 31 21 146

HQLA 2,463 470 163 231 726
Non-HQLA 2,463 102 44 26 178

Total 2,463 572 131 359 822

Panel B: ∆Margin Posted ($ billions) Obs. Mean SD Min Max
Cash 2,430 0.1 5.1 -43.2 50.8
USTs 2,430 0.0 1.5 -15.8 9.1

HQLA 2,430 0.2 5.5 -48.5 62.7
Non-HQLA 2,430 0.0 3.1 -109.3 21.9

Total 2,430 0.2 5.9 -46.6 59.5

Panel C: Margin Composition (Percent) Obs. Mean SD Min Max
Cash 2,463 67 8 49 80
USTs 2,463 12 3 6 20

HQLA 2,463 80 11 64 96
Non-HQLA 2,463 20 11 4 36

Table IA.1: Margin Summary Statistics. Margin data is daily market value of margin
posted by large banks, excluding that posted on behalf of customers, from 2016 to 2025. UST
is US Treasuries, HQLA are high-quality liquid assets. Panel B presents daily changes in
margin posted. Panel C shows the share of total margin that each subset constitutes. All
values are aggregated across all banks in the sample before calculating moments.
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Excl. LCR Full LCR Mgmt Buffer
(1) (2) (3)

∆Main Measuret 0.720∗∗∗ 0.888∗∗∗ 1.159∗∗∗
(35.76) (46.53) (21.27)

N 2,424 2,424 2,424
R2 0.73 0.73 0.20

Table IA.2: Comparison of Alternative Collateral Sink Measures. Table regresses
daily changes in three alternative collateral sink specifications on daily changes in the main
measure, where all variables are scaled by the market value of Treasuries outstanding. “Excl.
LCR” removes all LCR-related components from the sink. “Full LCR” replaces the Treasury
residual lower bound with total estimated HQLA required (the sum of estimated net cash
outflows). “Mgmt Buffer” adjusts net cash outflows by the bank-specific 5th percentile of
observed LCR ratios to proxy the effective regulatory floor before computing the Treasury
residual; the average management buffer is 14%, corresponding to an effective LCR of 114%.
t-statistics shown using heteroskedastic and autocorrelation consistent standard errors using
the Newey and West (1994) automatic lag selection procedure where ∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.
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Parsimonious Kitchen Sink
(1) (2) (3) (4)

Collateral Sink Measure
Sink(All)t 2.528∗∗ 2.746∗∗

(2.13) (2.34)
Controls

∆US CDSt 21.034∗ 21.709∗∗ 22.029∗∗ 22.695∗∗
(1.90) (2.22) (2.28) (2.28)

∆5yr Treasury Bid-Ask Spreadt 874.137∗ 825.185∗ 1177.313∗∗∗ 1121.093∗∗
(1.69) (1.92) (2.60) (2.47)

∆BAA-AAA Spreadt −3.380 −3.712
(−0.88) (−0.97)

∆5y5y Breakeven Inflationt −12.916∗∗∗ −12.671∗∗∗
(−3.95) (−3.96)

∆Effective Fed Funds Ratet 19.485∗∗∗ 19.423∗∗∗
(4.52) (4.57)

∆Equity Implied Vol.t −0.105 −0.105
(−1.27) (−1.26)

∆Treasury Implied Vol.t −0.108 −0.100
(−0.25) (−0.23)

∆FX Implied Vol.t −0.149 −0.157
(−0.47) (−0.49)

∆Oil ETF Implied Vol.t 0.002 0.004
(0.36) (0.57)

S&P 500 Returnt −21.247 −22.952
(−1.47) (−1.63)

N 2,401 2,401 2,334 2,334
R2 0.0067 0.0099 0.0859 0.0896

Table IA.3: Convenience Yield Regressions: Incremental R2 from Collateral
Sinks. Table regresses daily changes in convenience yields (PC1) on changes in collat-
eral sinks relative to Treasuries outstanding and controls. Columns within each group show
the specification without and with the collateral sink measure. The parsimonious specification
controls for sovereign credit risk and Treasury market liquidity; the kitchen sink specification
further includes Treasury, FX, and oil implied volatility and equity returns. t-statistics shown
using heteroskedastic and autocorrelation consistent standard errors using the Newey and
West (1994) automatic lag selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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∆PC1t
(1) (2) (3) (4) (5) (6) (7) (8)

Collateral Sink Components
Sink(Margin)t 5.955∗∗∗ 5.849∗∗∗

(2.74) (2.70)
Sink(Repo)t 2.514 2.644

(1.14) (1.15)
Sink(Coll. Swap)t 8.522 7.792∗

(1.60) (1.73)
Sink(LCR)t 0.393 0.529

(0.27) (0.36)
Controls

∆Equity Implied Vol.t −0.104 −0.103 −0.110 −0.105
(−1.25) (−1.23) (−1.33) (−1.27)

∆Treasury Implied Vol.t −0.147 −0.097 −0.120 −0.104
(−0.34) (−0.22) (−0.27) (−0.24)

∆FX Implied Vol.t −0.167 −0.171 −0.116 −0.147
(−0.53) (−0.53) (−0.37) (−0.47)

∆Oil ETF Implied Vol.t 0.002 0.003 0.002 0.002
(0.29) (0.51) (0.30) (0.38)

S&P 500 Returnt −23.051 −21.267 −22.036 −21.355
(−1.60) (−1.48) (−1.54) (−1.48)

∆Effective Fed Funds Ratet 19.406∗∗∗ 19.486∗∗∗ 19.430∗∗∗ 19.484∗∗∗
(4.55) (4.55) (4.59) (4.52)

∆BAA-AAA Spreadt −3.757 −3.431 −3.580 −3.386
(−0.96) (−0.89) (−0.93) (−0.88)

∆US CDSt 21.904∗∗ 22.464∗∗ 21.731∗∗ 22.102∗∗
(2.21) (2.29) (2.22) (2.31)

∆5yr Treasury Bid-Ask Spreadt 1137.579∗∗ 1162.252∗∗ 1180.333∗∗∗ 1172.882∗∗∗
(2.54) (2.55) (2.60) (2.61)

∆5y5y Breakeven Inflationt −13.000∗∗∗ −12.753∗∗∗ −12.720∗∗∗ −12.907∗∗∗
(−3.98) (−3.89) (−3.94) (−3.95)

N 2,407 2,334 2,407 2,334 2,407 2,334 2,407 2,334
R2 0.00 0.09 0.00 0.09 0.00 0.09 0.00 0.09
Controls No All No All No All No All
Time FE No No No No No No No No

Table IA.4: Treasury Convenience Yield and Collateral Sink Components. Table shows the regression of changes in
PC1 on changes in sunk collateral by type. Controls include equity implied volatility is the VIX, Treasury implied volatility is
the implied volatility of 10-year Treasury futures, Treasuries outstanding is market value, US CDS is the senior unsecured 5-year
credit default swap spread for US government. t-statistics shown using heteroskedastic and autocorrelation consistent standard
errors using the Newey and West (1994) automatic lag selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Panel A: Second Stage

Dependent Var.: ∆PC1t
(1) (2) (3) (4) (5) (6)

̂∆Sink(Margin)t −0.56 −0.60
(−0.08) (−0.12)

̂∆Sink(Excl. LCR)t −0.25 −0.31
(−0.08) (−0.12)

̂∆Sink(All)t −0.26 −0.27
(−0.08) (−0.12)

N 1,210 1,155 1,210 1,155 1,210 1,155
Controls No Yes No Yes No Yes

Panel B: First Stage

∆Sink(Margin)t ∆Sink(Excl. LCR)t ∆Sink(All)t
(1) (2) (3) (4) (5) (6)

GIV Placebot 0.01 0.02 0.03 0.03 0.03 0.04
(0.37) (0.53) (0.83) (1.05) (0.81) (1.36)

N 1,210 1,155 1,210 1,155 1,210 1,155
F − stat 0.14 0.28 0.68 1.10 0.65 1.85
Controls No Yes No Yes No Yes

Table IA.5: Granular IV Placebo. Table presents the first-stage and second-stage
estimates described in Section 4.1. The regressions are identical to those in Table 4 with the
exception that the weights used to estimate the GIV are reversed, as described in section 4.1.
The first two columns instrument for sunk margin relative to Treasuries outstanding, the
middle two for collateral sinks excluding LCR-related components, and the last two for the
full collateral sink measure. Controls include changes in the VIX, Treasury, FX, and oil
implied volatilities; the S&P 500 return; the change in the effective federal funds rate; and
changes in the Baa–AAA spread, the U.S. 5-year CDS spread, the 5-year Treasury bid–ask
spread, and the 5-year–5-year breakeven rate. t-statistics shown using heteroskedastic and
autocorrelation consistent standard errors using the Newey and West (1994) automatic lag
selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Dependent Var.: GIVt
(1)

GIV Placebot −0.0129
(−0.33)

N 1,255
R2 0.00

Table IA.6: GIV vs. Placebo GIV. Table presents the regression of the actual GIV on
the placebo GIV as described in section 4.1. t-statistics shown using heteroskedastic and
autocorrelation consistent standard errors using the Newey and West (1994) automatic lag
selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Constant omitted.

Dependent Var.: ln(Margin Posted by Bankst)
(1) (2) (3)

ln(si,t) 0.377∗∗∗ 0.203∗∗∗ 0.193∗∗∗
(67.69) (34.58) (11.88)

ln(VaRi,t) 0.466∗∗∗
(43.88)

N 7,100 7,100 7,100
R2 0.55 0.61 0.83
FE No No Yes

Table IA.7: Risk-Adjusted Notional vs. Margin Posted. Table regresses posted
margin as reported in FR2052a on the risk-adjusted derivative notional si,t described in
section 4.1 and cumulative VaR across the sample of desks used in the GIV analysis. Panel
is at the bank by date level. Fixed effects row includes date and bank fixed effects. Note
that cumulative VaR across desks is not necessarily equal to the bank’s aggregate VaR
given possible hedging benefits across desks. t-statistics shown using heteroskedastic and
autocorrelation consistent standard errors using the Newey and West (1994) automatic lag
selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Constant omitted.
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Panel A: Second Stage

Dependent Var.: ∆PC1t
(1) (2) (3) (4) (5) (6)

∆ ̂Sink(Margin)t 3.57∗∗ 3.34∗∗
(2.44) (2.53)

∆ ̂Sink(Excl. LCR)t 2.20∗∗∗ 1.92∗∗∗
(2.60) (2.79)

∆ ̂Sink(All)t 2.52∗∗ 2.43∗∗
(2.41) (2.43)

N 2,094 2,094 2,094 2,094 2,094 2,094
Controls No Yes No Yes No Yes

Panel B: First Stage

∆Margin/UST Out. ∆Sinks (Excl. LCR)/UST Out. ∆Sinks/UST Out.
(1) (2) (3) (4) (5) (6)

Zt 0.09∗∗∗ 0.08∗∗∗ 0.14∗∗∗ 0.15∗∗∗ 0.12∗∗∗ 0.12∗∗∗
(4.56) (4.35) (6.17) (4.93) (5.57) (4.00)

N 2,094 2,094 2,094 2,094 2,094 2,094
F − stat 20.79 18.92 38.06 24.32 31.05 15.97
Controls No Yes No Yes No Yes

Panel C: OLS

Dependent Var.: ∆PC1t
(1) (2) (3) (4) (5) (6)

∆Sink(Margin)t 0.23∗∗∗ 0.22∗∗∗
(2.78) (2.75)

∆Sink(Excl. LCR)t 0.30∗∗ 0.30∗∗
(2.36) (2.33)

∆Sink(All)t 0.25∗∗ 0.25∗∗
(2.40) (2.42)

N 2,166 2,094 2,166 2,094 2,166 2,094
R2 0.00 0.09 0.01 0.09 0.00 0.09
Controls No Yes No Yes No Yes

Table IA.8: CME Margin Requirement IV. Table presents the first-stage, second-stage,
and OLS estimates described in Section 4.3. The first two columns instrument for sunk margin
relative to Treasuries outstanding, the middle two for collateral sinks excluding LCR-related
components, and the last two for the full collateral sink measure. Controls include changes
in the VIX, Treasury, FX, and oil implied volatilities; the S&P 500 return; the change in
the effective federal funds rate; and changes in the Baa–AAA spread, the U.S. 5-year CDS
spread, the 5-year Treasury bid–ask spread, and the 5-year–5-year breakeven rate. Margin
data runs from 2016 to 2024. Constant omitted. t-statistics shown using heteroskedastic and
autocorrelation consistent standard errors using the Newey and West (1994) automatic lag
selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

IA.37



Panel A: Second Stage

Dependent Var.: ∆PC1t
(1) (2) (3) (4) (5) (6)

̂∆Sink(Margin)t+1m 0.72 1.45
(0.42) (0.94)

̂∆Sink(Excl. LCR)t+1m 4.92 8.08
(0.24) (0.37)

̂∆Sink(All)t+1m −54.37 12.65
(−0.03) (0.25)

N 2,049 1,977 2,049 1,977 2,049 1,977
Controls No Yes No Yes No Yes

Panel B: First Stage

∆Margin/UST Out. ∆Sinks (Excl. LCR)/UST Out. ∆Sinks/UST Out.
(1) (2) (3) (4) (5) (6)

Zt+1m 0.05 0.05 0.01 0.01 −0.00 0.01
(1.41) (1.50) (0.27) (0.38) (−0.03) (0.26)

N 2,049 1,977 2,049 1,977 2,049 1,977
F − stat 1.98 2.24 0.08 0.14 0.00 0.07
Controls No Yes No Yes No Yes

Panel C: OLS

Dependent Var.: ∆PC1t
(1) (2) (3) (4) (5) (6)

∆Sink(Margin)t+1m 0.02 0.02
(0.21) (0.19)

∆Sink(Excl. LCR)t+1m 0.07 0.07
(0.56) (0.57)

∆Sink(All)t+1m 0.06 0.04
(0.56) (0.38)

N 2,120 2,047 2,120 2,047 2,120 2,047
R2 0.00 0.09 0.00 0.09 0.00 0.09
Controls No Yes No Yes No Yes

Table IA.11: CME Residual Regression Placebo. Table presents the first-stage, second-
stage, and OLS estimates described in Section 4.3 using the placebo shock, which shifts the
Zt shocks forward to one month to Zt+1m. The first two columns instrument for sunk margin
relative to Treasuries outstanding, the middle two for collateral sinks excluding LCR-related
components, and the last two for the full collateral sink measure. Controls include changes in
the VIX, Treasury, FX, and oil implied volatilities; the S&P 500 return; the change in the
effective federal funds rate; and changes in the Baa–AAA spread, the U.S. 5-year CDS spread,
the 5-year Treasury bid–ask spread, and the 5-year–5-year breakeven rate. Margin data runs
from 2016 to 2024. t-statistics shown using heteroskedastic and autocorrelation consistent
standard errors using the Newey and West (1994) automatic lag selection procedure where ∗
p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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∆Margin Requirementt
(1) (2) (3) (4)

∆VIXt 3.288∗∗∗
(12.87)

∆VIXt × 1∆VIXt<0 2.743∗∗∗
(5.48)

∆VIXt × 1∆VIXt>0 3.662∗∗∗
(15.29)

Constant 0.019 −0.490∗∗ 5.526∗∗∗ −4.590∗∗∗
(0.15) (−2.04) (14.91) (−19.48)

N 5,178 5,178 2,358 2,818
R2 0.39 0.40 0.00 0.00
Sample All All ∆Margin > 0 ∆Margin < 0

Table IA.9: Margin Requirements and VIX. Table presents the relationship between
changes in CME margin requirements for E-mini S&P 500 Futures and the VIX. t-statistics
shown using heteroskedastic and autocorrelation consistent standard errors where ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.

Zt

(1) (2) (3) (4)
∆ ln (Central. Margin) ∆Central. Ratio ∆ ln (Margin) ∆Margin Ratio

Zt 0.002∗∗ 0.003∗∗ 0.001∗∗∗ 0.003∗∗∗
(2.45) (2.19) (4.28) (3.94)

N 2,115 2,115 2,109 2,109
R2 0.01 0.01 0.01 0.01

Table IA.10: Margin Requirements and CME Shock Measures. Table presents the
relationship between different measures of margin and the Zt measures described in section 4.3.
∆ ln (Central. Margin) is the change in the log of sunk margin that is posted to a CCP or
exchange-traded. ∆Central. Ratio is change in centralized margin normalized by the market
value of Treasuries outstanding. The other margin variables include all sunk margin, either
the difference in the logs or after standardizing against Treasuries outstanding. Zt variables
standardized to have mean zero and unit standard deviation. Constant omitted. t-statistics
shown using heteroskedastic and autocorrelation consistent standard errors where ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Panel A: Notional Exposure ($ billions) Obs. Mean SD Min Max
Rates 1,639 119,674 13,940 89,443 155,211

FX 1,639 44,085 9,186 23,561 73,994
Credit 1,639 35,337 5,087 21,419 44,683
Equity 1,639 7,212 3,580 3,259 24,096

Securitized Products 1,639 3,479 2,302 627 9,436
Commodity 1,639 2,955 1,431 1,744 16,057

XVA 1,639 2,832 1,104 780 5,258
Unclassified 1,639 2,883 1,865 956 7,849

Total 1,639 219,236 23,739 149,012 269,815

Panel B: Margin Ratio (Basis Points) Obs. Mean SD Min Max
Cash Margin Ratio 2,217 15.0 2.2 10.3 22.2
UST Margin Ratio 2,217 2.5 0.7 1.1 4.9
Total Margin Ratio 2,217 21.9 2.7 15.2 30.0

Table IA.12: Notional and Margin Ratio Summary Statistics. Margin data is daily
market value of margin posted by large banks, excluding that posted on behalf of customers,
from 2016 to 2024; notional exposure trading data are for the same set of banks from 2014 to
2021. UST is US Treasuries, HQLA are high-quality liquid assets. Panel A provides notional
exposure by desk type, excluding desk types that have average daily notional less than $1
billion, although these desks are included in the total. Panel B provides the margin ratio,
which is the ratio of margin posted relative to notional exposures on the same day. All values
are aggregated across all banks in the sample before calculating moments.
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$ billions U.S. Treasuries Non-U.S. Gov’t Debt Equities Other

Panel A: Collateral Pledged
Mean 160 190 327 128
Std. Dev. (monthly) 21 9 31 12
Avg. Maturity (Days) 14 15 80 101
2016 to 2024 Growth 166% 43% 125% 13%

Panel B: Collateral Received
Mean 277 188 275 58
Std. Dev. (monthly) 28 12 20 6
Avg. Maturity (Days) 84 55 11 187
2016 to 2024 Growth 97% 66% 73% 154%

Panel C: Net Collateral Pledged
Mean -118 2 52 69
Std. Dev. (monthly) 23 15 30 8

Table IA.13: Collateral Swap Summary Statistics. Table provides summary statistics on collateral swaps on average in
2024.
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St ∆St
(1) (2) (3) (4) (5) (6) (7) (8)

Last 5 Days of Quartert 0.083 −0.016∗∗
(0.34) (−2.29)

Last Day of Quartert 0.054 0.001
(0.19) (0.04)

Last 5 Days of Yeart 0.252 −0.015
(0.46) (−1.50)

Last Day of Yeart 0.234 0.036
(0.40) (1.05)

N 2,460 2,460 2,460 2,460 2,424 2,424 2,424 2,424
R2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table IA.14: Quarter-End and Year-End Effects on Collateral Sinks. Table re-
gresses collateral sinks relative to Treasuries outstanding on quarter-end and year-end
indicators. The first four columns use the level St as the dependent variable; the second
four columns use the daily change ∆St. Within each group, columns use indicators for the
last 5 business days of the quarter, the last business day of the quarter, the last 5 business
days of the year, and the last business day of the year, respectively. t-statistics shown using
heteroskedastic and autocorrelation consistent standard errors using the Newey and West
(1994) automatic lag selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

(1) (2) (3) (4) (5) (6)
GCF-Tbill FF-Tbill OIS-Tbill Neg. Z-Spread TIPS-Tsy OIS Swap-Tsy

Collateral Sinks/Treasuries Outstandingt 0.064∗∗ 0.049∗∗ 0.034∗∗∗ 0.029 0.008 0.001
(2.34) (2.21) (2.63) (1.49) (0.87) (0.14)

N 2,381 2,381 2,381 2,381 2,381 2,381
R2 0.04 0.83 0.08 0.01 0.15 0.12
Controls Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes

Table IA.15: Collateral Sinks and Individual Convenience Yield Measures: Lev-
els. Table regresses individual convenience yield measures on collateral sinks relative to
Treasuries outstanding with day-of-week fixed effects. GCF-Tbill is the three-month general
collateral financing repo rate minus the three-month Tbill yield. FF-Tbill is the effective
federal funds rate minus the three-month Tbill yield, maturity-matched using the OIS curve.
OIS-Tbill is the three-month overnight-indexed swap rate minus the three-month Tbill yield.
Neg. Z-Spread is the average Tbill yield (4 to 26 weeks to maturity) minus the fitted Treasury
curve, multiplied by negative one so that larger values indicate higher convenience, following
Greenwood et al. (2015). TIPS-Tsy is the yield on a synthetic nominal 10-year Treasury
equal to the nominal TIPS yield plus a matched-maturity inflation swap minus the actual
nominal Treasury yield, following Fleckenstein et al. (2014). OIS Swap-Tsy is the 30-year
overnight-indexed swap rate minus the maturity-matched nominal Treasury yield, following
Feldhütter and Lando (2008) and Du et al. (2023). All specifications include the full set of
controls. t-statistics shown using heteroskedastic and autocorrelation consistent standard
errors using the Newey and West (1994) automatic lag selection procedure where ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.
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(1) (2) (3) (4) (5) (6)
∆GCF-Tbill ∆FF-Tbill ∆OIS-Tbill ∆Neg. Z-Spr. ∆TIPS-Tsy ∆OIS Sw-Tsy

∆Collateral Sinks/Treasuries Outstandingt 0.046∗∗ 0.024∗∗ 0.023∗∗∗ 0.001 0.007 0.009
(2.02) (2.45) (2.63) (0.03) (0.83) (1.53)

N 2,334 2,334 2,334 2,334 2,334 2,334
R2 0.01 0.73 0.04 0.01 0.21 0.08
Controls Yes Yes Yes Yes Yes Yes
Time FE No No No No No No

Table IA.16: Collateral Sinks and Individual Convenience Yield Measures:
Changes. Table regresses daily changes in individual convenience yield measures on daily
changes in collateral sinks relative to Treasuries outstanding. See Table IA.15 for variable
definitions. All specifications include the full set of controls. t-statistics shown using het-
eroskedastic and autocorrelation consistent standard errors using the Newey and West (1994)
automatic lag selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

∆PC1t ∆PC1Longt ∆PC1Shortt

(1) (2) (3) (4) (5) (6)
∆ ln(Collateral Sinks)t 28.376∗∗ 27.748∗∗ 6.647 5.839 30.680∗∗ 30.621∗∗

(2.34) (2.29) (1.59) (1.30) (2.19) (2.19)
N 2,407 2,334 2,407 2,334 2,407 2,334
R2 0.00 0.09 0.00 0.18 0.00 0.09
Controls No Yes No Yes No Yes

Table IA.17: Collateral Sinks and Convenience Yields: Log Specification. Table
regresses daily changes in convenience yield measures on changes in the log of collateral
sinks, replacing the ratio specification with a log-level measure that does not scale by
Treasuries outstanding. ∆ ln(Treasuries Outstanding) is included as a separate control in
even columns. See Table 5 for definitions of PC1, PC1Long, and PC1Short. t-statistics shown
using heteroskedastic and autocorrelation consistent standard errors using the Newey and
West (1994) automatic lag selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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∆PC1t
(1) (2)

Ratio VaR
Zt 0.777∗∗ 0.583∗∗

(2.47) (2.37)
Quintile 2 0.133 0.017

(0.80) (0.11)
Quintile 3 0.146 0.057

(1.03) (0.40)
Quintile 4 0.071 0.117

(0.50) (0.73)
Quintile 5 0.054 −0.060

(0.39) (−0.43)
Quintile 2× Zt −0.629 −0.223

(−1.46) (−0.69)
Quintile 3× Zt −0.585∗ −0.412

(−1.79) (−1.44)
Quintile 4× Zt −0.592∗ −0.366

(−1.71) (−1.18)
Quintile 5× Zt −0.789∗∗ −0.715∗∗

(−2.12) (−2.12)
N 2,105 2,143
R2 0.10 0.09

Table IA.18: Passthrough Regression. Table presents the regression described in
section 5. All columns include the following controls: changes in the VIX, Treasury, FX,
and oil implied volatilities; the S&P 500 return; the change in the effective federal funds
rate; and changes in the Baa–AAA spread, the U.S. 5-year CDS spread, the 5-year Treasury
bid–ask spread, and the 5-year–5-year breakeven rate. Quintile 5 reflects lowest constraint
quintile, quintile 1 highest. Constant omitted. t-statistics shown using heteroskedastic and
autocorrelation consistent standard errors using the Newey and West (1994) automatic lag
selection procedure where ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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