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Abstract

Using a unique transaction-level dataset covering the UK bilateral repo market, we show

that only 61% of the repos are backed by high-quality collateral, with banks intermedi-

ating liquidity across counterparties and using CCPs mainly for high-quality collateral

and netting benefits. Haircuts reflect both collateral and borrower characteristics: larger,

higher-rated, less levered, less sophisticated borrowers, and those with repeated relation-

ships receive lower or even zero haircuts. Borrower attributes explain as much variation

in haircuts as collateral quality, while lender liquidity and default risk play little role. We

also document a pecking order in collateral use, with higher-quality assets pledged first.
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The repurchase agreement (repo) market is a major tool for short-term funding of finan-
cial institutions and a potential source of systemic risk. Yet, because repo transactions are
over-the-counter, contract terms are rarely disclosed, except for U.S. tri-party repos backed
by Treasuries. Existing studies on bilateral repos–where settlement is on a delivery-versus-
payment basis–are scarce, and typically limited either by the absence of counterparty infor-
mation or by narrow coverage. Moreover, despite the fact that EU and UK repo markets
are larger than those in the U.S., our understanding of repo contract terms continues to rely
heavily on U.S. data. As a result, we know little about the patterns of bilateral deals or the
cross-sectional relationships between haircuts, collateral, and counterparty characteristics in
European markets. We fill this gap.

We use a unique transaction-level dataset from the UK bilateral repo market, covering
about 24% of total activity and spanning a wide cross-section of borrowers and lenders. The
dataset features heterogeneous collateral, counterparties, and haircut levels ranging from
zero to over 45%. This richness allows us to provide a market-wide view of how banks
intermediate liquidity and how haircut levels are shaped by collateral, contract terms, and
counterparty characteristics.1

We find that deal-level intrinsic risk characteristics increase haircuts: longer maturity
contracts, as well as collateral with higher (market and default) risk measures, demand
higher haircuts. While it is reassuring that low quality or illiquid collateral is associated
with higher haircut, theories on leverage and collateralized debt also suggest a first or-
der role for counterparty characteristics that has largely not been documented in empiri-
cal studies. Remarkably, we find that the identity of the borrower, its riskiness and level
of sophistication, as well as repeated interactions with the lender, are key determinants of
haircuts. Overall, borrower characteristics have larger effects on haircuts than asset char-
acteristics, whereas lender characteristics—except collateral concentration—do not appear
to be primary drivers. That is, the importance of counterparty characteristics for haircut
is first order in the bilateral repo market with heterogeneous collateral and market partic-
ipants. Additionally, netting benefits appear to be a first order driver of repo transactions
with CCPs (that are overall characterized by higher quality collateral). Furthermore, we ob-
serve a pecking order of collateral choice by borrowers, with higher quality securities more
likely to be posted first.

Our bird’s-eye investigation reveals four distinct features about the UK bilateral repo

1The Office of Financial Research (OFR) has started to collect such data for the U.S. and Hempel et al.
(2023) describe the pilot data collection of non-centrally cleared bilateral repurchase agreement spanning nine
dealers across three reporting dates. In the EU, the Money Market Statistical Reporting (MMSR) collects all
repo transactions made by 38 dealer banks. Focusing on repos backed by government collateral, Eisenschmidt
et al. (2024) studies the monetary policy transmission in this market segment.
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market. First, we find that only 61% of collateral used in the UK market can be categorized
as high-quality collateral—government securities rated AA and above. Among the 39% of
the riskier collateral, 7% are non-government securities such as corporate bonds, securitized
products and others. In contrast, the existing studies using tri-party repo data in the U.S.
market find that high-quality securities such as U.S. Treasuries are predominantly used as
collateral (e.g., Copeland et al. (2010), Baklanova et al. (2019)).2 The cross-sectional variation
in the qualities of collateral used in the bilateral repo transactions leads to significant hetero-
geneity in haircuts among repo contracts in the UK market (from as low as 0 to as high as
45%).

Second, we find a clear pattern on how banks intermediate liquidity using central clear-
ing counterparties (CCPs), and from asset managers to hedge funds via the UK bilateral
repo market. Banks obtain liquidity from asset managers, while providing liquidity to hedge
funds. In doing so, banks also earn intermediating spreads as they charge higher haircuts
to their (net) borrowers—hedge funds—and are charged less by their (net) lenders—asset
managers. For example, the banks charge intermediation spreads in terms of haircut as high
as 1.3% to hedge funds and as low as 30 bps to broker dealers.3 We also find that CCP trades
are significantly different from non-CCP trades: banks tend to use high-quality collateral
and to trade in large notional values when transacting with CCPs, and netting benefits are a
key driver of CCP transactions.

Third, we find evidence for collateral rehypothecation. For government securities rated
AA and above, the rehypothecation rate ranges from 26.3% for government bonds with
maturity of 20 years and longer to 61.6% for government bonds with maturity from 10 to 20
years. This rate is much lower for non-government securities: which is 8.9% for bonds with
maturity of 20 years or more and 27.7% for bonds with maturity of five years or less.

Fourth, we find that a significant portion of bilateral contracts have zero haircut—about
35% of all transactions—with relationship lending being their key driver.

After revealing these unique characteristics of the UK repo market in allocating liquidity,
we turn to investigating the drivers behind the cross-sectional heterogeneity in haircuts,
including the probability of receiving a zero haircut.

2The EU and UK repo markets have a larger share of lower-quality securities than the U.S. market for
several reasons. First, the supply of high-quality government bonds is relatively low. For example, Germany
is one of the main suppliers for safe assets in the euro area. The government debt-to-GDP ratio is much lower
for Germany than the U.S., implying that the supply of the safest asset is relatively limited. Second, ECB
accepts euro area government bonds of lower quality in their repo operations, albeit with higher haircuts.
Hence, banks might have incentives to hold low-quality government bonds which offer access to central bank
liquidity.

3We do not find that our reporting banks intermediate funds when trading with central banks and govern-
ment agencies, insurance companies and pension funds, and other reporting banks. In fact, they often pay
higher haircuts when borrowing from these counterparties.
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In particular, we develop six testable hypotheses motivated by the existing theoretical
work on collateralized borrowing and repo runs. Our six hypotheses can be broadly catego-
rized into three groups: collateral, borrowers’, and lenders’ characteristics. Characteristics
include typical quality variables such as default probability and credit rating but also liq-
uidity indicators, concentration risks, counterparty types and some other variables. Existing
theoretical models based on various market frictions have different predictions on how these
characteristics affect haircuts.

To test our six hypotheses in the empirical investigation, we group the potential explana-
tory variables into five categories: deal, collateral, counterparty type, counterparty char-
acteristics, and miscellaneous factors including concentration measures. We then examine
their impact on the magnitude of haircuts and the probability of zero haircuts (given the
large number of contracts with zero haircuts in the data). In the main analysis of the paper,
we focus on the non-CCP subsample because the institutional setups are different when repo
trades are cleared via CCPs. The reported haircuts by borrowers tend to be lower because
they establish separate margin accounts with CCPs. Our regression analysis exploits hetero-
geneity in collateral and counterparty characteristics, yielding the following main results.

First, we find that transaction maturity – a deal characteristic – has a first order effect:
haircuts are larger for longer maturities of the contract, with a one standard deviation in-
crease in lending (borrowing) maturity being associated with a 5.4% (3.5%) increase in hair-
cuts on average. Similarly, moving from a rating of AA or higher to a lower credit rating
increases the average haircut at which the reporting banks lend from 4.14% to 9.52% (and
from 1.25% to 1.83% when borrowing), with the marginal effect of a one-notch increase in
rating of about -1.2%. Haircuts are also increasing in the Value at Risk (VaR) of the collateral
(by about 0.5-1% per standard deviation) and in collateral concentration (by about 50-70bp
per standard deviation). Moreover, haircuts are also generally lower for portfolios that in-
clude a safe asset (by about 60bp in reverse repo transactions). Focusing on reverse repos,
i.e. contracts in which our reporting banks are lenders, adding collateral characteristics (in
addition to the notional and maturity of the contract as well as currency, bank, and relation-
ship fixed effects), increases the adjusted R2 by about 6.7%, stressing the saliency of these
features of the contract. Furthermore, longer maturity collateral with ratings of AA or higher
get rehypothecated twice as often as lower-rated ones.

Second, we find that counterparties matter in haircut determination. Strikingly, adding
those covariates (in the reverse repo case) increases explanatory power by as much as the
collateral characteristics (by about 6.3% in adjusted R2). In particular, on average, more
sophisticated borrowers are charged 2.4–3.5% higher haircuts, or as much as 7.2% higher
in the case of hedge funds. The latter are charged significantly higher haircuts, especially
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when using non-government collateral: the haircut increases by a staggering 25%–28% when
hedge funds borrow using such collateral. Moreover, larger borrowers with higher ratings
receive lower haircuts, which shows that there is significant tiering in the repo market. A
one standard deviation increase in borrower size decreases haircuts by 15.8%, while a similar
decrease in leverage is associated with a reduction of 7.7%, and a one-notch increase in
their rating reduces the haircut by about 1.7% ceteris paribus. We also find that borrower-
lender relationships affect haircuts significantly: some borrowers receive consistently lower
haircuts when interacting with certain counterparties, and one–two banks in our sample
account for the bulk of repo trades with zero haircuts. Furthermore, the overwhelming
majority of borrower-lender fixed effects yield statistically significant negative haircuts. That
is, overall, larger, better rated, less levered, and less sophisticated borrowers, as well as
borrowers with repeated interactions, get charged much lower haircuts, while more risky
and sophisticated borrowers pay significantly larger ones.

Third, we find little evidence that lenders’ liquidity position or default probabilities affect
haircuts, suggesting that the traditional bank run mechanism cannot explain repo runs. This
lends support to the alternative intertemporal feedback/coordination explanations of repo
runs instead.

Fourth, when examining the likelihood of receiving zero haircuts, we find that, in ad-
dition to the determinants mentioned above, bilateral relationships explain a large part of
the variation in the probability of receiving a zero haircut. This finding indicates that banks
filter out repo clients in conducting repo business and give preferential haircuts to certain
counterparties.

Fifth, we examine the CCP subsample of our database departing from the main part
of the paper. It is still interesting to examine why banks clear certain repo trades through
CCPs, and whether the haircuts charged by repo lenders to CCP are any different to non-
CCP borrowers, since the existing understanding on CCP repo trades is limited. We find that
banks earn a smaller average intermediation spread (in terms of haircuts) through CCPs
than through non-CCP counterparties. That is, banks’ lending (reverse repo) trades have
lower haircuts when transacting with CCPs, whereas their borrowing (repo) trades have
higher haircuts, reducing the average intermediation spread for our banks from 5.7% to
2.7%. Furthermore, trades in which banks lend to a CCP have a higher percentage of zero
haircuts and the net position of banks with CCPs is close to zero (on average). Given that
bank-CCP trades often involve high-quality collateral and have large notional values, this
indicates that banks’ repo transactions with CCPs might be motivated by netting benefits.

We investigate this further by computing a proxy variable capturing bilateral netting
opportunities between our reporting banks and each of their counterparties. We find that
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this proxy variable is significantly larger when CCPs act as counterparties. Furthermore,
we find that netting benefits seem to be one of the main drivers of CCP trades in that the
probability of a trade with a CCP increases by 40–43% when full netting can be achieved.

Sixth, we find that counterparties of our reporting banks seem to choose high-quality
collateral first when borrowing via repo contracts, yielding a pecking order effect. That is,
for a given maturity date of repo contracts, collateral posted first tend to be of higher quality.

Last but not least, we examine if there are any substitution effects between repo rates
and haircuts by using a complementary dataset which contains information on both con-
tract terms. We find strong evidence that, once deal and counterparty characteristics are
accounted for, repo rate is irrelevant in explaining haircuts, suggesting that haircuts and
repo rates have different drivers. This finding is in line with the evidence in the existing
literature. For example, Eisenschmidt et al. (2024) (see table 3 therein) find no statistical
association between rates and haircuts in the Money Market Statistical Reporting (MMSR)
European repo dataset from the ECB.

Closely related literature. Theoretical research on repos emphasizes collateral constraints
and the risk of runs. One strand focuses on differences of opinion in general equilibrium
models, showing how belief dispersion affects leverage and haircuts (Geanakoplos (1997),
Geanakoplos and Zame (2002), Geanakoplos (2003), Fostel and Geanakoplos (2012), Simsek
(2013)). Another highlights contractual and informational frictions such as moral hazard,
adverse selection, and sequential trade (Holmstrom and Tirole (1997); Dang et al. (2013),
Dang et al. (2011), Gottardi, Maurin, and Monnet (2019); Biais, Heider, and Hoerova 2016).
These frameworks imply that both collateral risk and counterparty characteristics can shape
repo terms. Building on Diamond and Dybvig (1983), a related strand models repo runs
as coordination failures, emphasizing rollover risk, endogenous information acquisition, or
intertemporal feedback between collateral values and lending decisions (Acharya, Gale, and
Yorulmazer (2011); Martin, Skeie, and Von Thadden (2014), Gorton and Ordonez (2014),
Ozdenoren, Yuan, and Zhang (2023)).

Empirical evidence has concentrated mainly on the U.S., particularly the tri-party mar-
ket. Studies of the 2008–09 financial crisis show that bilateral repo haircuts rose sharply,
triggering deleveraging by broker-dealers and contributing to hedge fund failures (Gorton
and Metrick (2012), Adrian and Shin (2010), Adrian, Begalle, Copeland, and Martin (2013)).
By contrast, tri-party haircuts remained largely unchanged, though funding was withdrawn
from distressed institutions such as Bear Stearns and Lehman Brothers (Copeland, Martin,
and Walker (2010), Krishnamurthy, Nagel, and Orlov (2014)). These differences have been
linked to market microstructure: tri-party haircuts are fixed in custodial agreements, while
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bilateral contracts adjust flexibly (Martin et al. (2014)). Other U.S. studies highlight segmen-
tation, collateral concentration, and the role of relationships (Copeland et al. (2010); Hu,
Pan, and Wang (2021); Weymuller 2013). However, data limitations are significant. Gorton
and Metrick (2012) use a dealer-level dataset without counterparty detail; Auh and Landoni
(2022) examine repos from one hedge fund family; and Baklanova, Caglio, Cipriani, and
Copeland (2019) rely on three snapshots from nine bank holding companies. These restric-
tions make it difficult to assess how borrower characteristics influence haircuts.

European studies have largely focused on general collateral repos or transactions cleared
through CCPs. Work on the euro area repo market emphasizes regulation and market struc-
ture (Mancini, Ranaldo, and Wrampelmeyer (2016), Boissel, Derrien, Ors, and Thesmar
(2017), Corradin and Maddaloni (2020)). More recent papers examine the role of safe as-
sets and collateral reuse (Aggarwal, Bai, and Laeven (2021), Jank, Moench, and Schneider
(2021)). Compared to the U.S., European evidence on bilateral repos remains scarce, espe-
cially for transactions backed by riskier collateral.

Our paper contributes by studying the UK bilateral repo market with a uniquely rich
dataset. Covering about 24% of total market activity, it includes transaction-level hair-
cuts, collateral spanning a wide risk spectrum, and detailed counterparty characteristics.
To our knowledge, this is the first European study to systematically test how both collat-
eral and counterparty attributes shape haircut determination, thereby complementing the
U.S.-focused and CCP-based evidence in the existing literature.

The rest of the paper is organized as follows. In Section 1 we provide a brief description
of repurchase agreements. Section 2 outlines the main hypotheses that we test in the data.
Section 3 describes the data. Section 4 analyzes the determinants of haircuts and presents
the results for the six hypotheses. Section 5 concludes.

1 Background Information on Repurchase Agreements

A repurchase agreement is the simultaneous sale of securities and forward agreement
to repurchase them at a specific price on a future date (Duffie, 1996). In effect, a repo is a
collateralized loan where the underlying security serves as collateral. The party that borrows
cash and delivers collateral is said to be doing a repo, while the party that lends cash and
receives collateral is doing a reverse repo.4

4The repo rate is determined by the difference between the original loan value and the repayment amount.
The haircut, or margin, is determined by the difference between the loan amount and the collateral value
(Krishnamurthy et al., 2014). For example, if a borrower receives $98 against $100 worth of collateral, the
haircut is 2%. In Europe, legal title to the collateral is transferred to the cash lender through an outright sale.
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Repurchase agreements are broadly classified into two categories. Tri-party repo is a
transaction in which post-trade services such as collateral management (e.g., selection, val-
uation, and verification of eligibility criteria), payments, and margining are outsourced to
a third-party agent, typically a custodian bank.5 A tri-party agent settles the repos on its
books, and most existing repo studies focus on tri-party repos. In contrast, bilateral repos
typically settle on a delivery-versus-payment basis, requiring the cash lender to have back-
office capabilities to receive and manage the collateral (Adrian et al., 2013). Our dataset
reflects this second category of repo contracts.

An interesting feature of the repo/reverse repo market is that central counterparties
(CCPs) are beginning to clear a growing number of repos. CCPs position themselves be-
tween the two sides of a trade, creating a less complex network of exposures (Rehlon and
Nixon, 2013). They provide benefits such as multilateral netting and facilities to manage
member defaults in an orderly manner, but can also pose systemic risks to the financial sys-
tem. CCPs always impose a haircut in the form of initial margin, whether in a reverse repo
or repo.6 Therefore, banks conducting reverse repo transactions with a CCP must provide a
haircut, which amounts to a negative value for the haircut. Our dataset covers CCP trades
with the reporting banks, offering an opportunity to examine the characteristics and assess
the benefits of these trades.

2 Testable Hypotheses on Haircuts

We now develop the hypotheses on haircut determination that guide our empirical anal-
ysis. A first strand of the literature asks why borrowers raise funding through collateralized
repos rather than outright sales of securities. The answer lies in market frictions: contract
terms such as haircuts are designed to mitigate asymmetric information, moral hazard, or
limits to pledgeability (Geanakoplos (2003), Simsek (2013), Dang et al. (2013), Dang et al.
(2011), Ozdenoren et al. (2023), and Gottardi et al. (2019)). In Appendix A.1 we present
a stylised model illustrating how information frictions motivate collateralized borrowing
with repurchase.

A second strand emphasizes the use of repos to finance leveraged investment. Building

In the U.S., this is not the case, but repo collateral is not subject to automatic stay and can be sold by the lender
if the borrower defaults (International Capital Market Association, 2019).

5There are two tri-party agents in the U.S.: Bank of New York Mellon and JPMorgan. In Europe, the main
tri-party agents are Clearstream, Euroclear, Bank of New York Mellon, JPMorgan, and SegaInterSettle.

6When the collateral is a portfolio of assets, the haircut may be imposed on a subset of them to meet the
initial margin requirement. Counterparties to CCPs also need to meet variation margin requirements. Since
CCPs are purely intermediaries, these variation margins are passed through between lenders and borrowers.
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on Holmstrom and Tirole (1997) and Adrian and Shin (2010), this literature also treats limited
pledgeability as a consequence of informational frictions. For example, in Holmstrom and
Tirole (1997) haircuts (equivalently, leverage constraints) are determined by the extent of
moral hazard.

To disentangle the different economic mechanisms, we start with a stylized description of
a repo-financed versus a straightforward asset purchase aiming to encapsulate the drivers
for haircuts in the existing theories.7 In a straightforward asset purchase, the risk-neutral
borrower is willing to pay

E[δi]

1 + Rborrower
(1)

where δi is next period random security payoff, which in practice should include all future
cash flows such as dividend, interest and resale value for the repo contract indexed by i.

Alternatively, the risk-neutral borrower could finance the asset purchase using a repo
loan. We denote the repo rate as Rrepo, which is the cost of funding to the lender and the
borrower’s opportunity cost is Rborrower. It is intuitive that Rrepo < Rborrower since the cost
of funding is typically lower for the lender than for the borrowers. There has to be a cost c
for entering the repo loan such that there is no arbitrage between these two ways of asset
purchases. Furthermore, for illustrative purposes, let us assume that the lender is infinitely
risk-averse and hence the maximum lending for a given security is the lowest possible re-
covery value of the repo contract. This, in turn, is modeled as being driven by two elements.
First, suppose that there is a minimum possible payoff from the asset, denoted δmin

i . Second,
the borrower can credibly pledge only a fraction λi ∈ (0, 1] of the asset payoff in a repo
contract (for instance, 1 − λi can be thought of as a proportional liquidation cost). Hence,
the infinitely risk-averse lender will lend only up to λiδ

min
i to be paid back by next period.

Note that, to a large extent, as discussed below, alternative theories of repo contract determi-
nation in the existing literature amount to different drivers for the pledgeability parameter
λi. Now, we are ready to express the risk-neutral borrower’s willingness to pay for this repo
loan given by:

E[δi]

1 + Rborrower
+ λiδ

min
i

󰀕
1

1 + Rrepo
− 1

1 + Rborrower

󰀖
− c (2)

where the first term is simply the expected discounted value of the asset (as in the straight-
forward investment case) while the second and third terms encapsulate, respectively, both

7We are grateful to an anonymous referee for suggesting to us this stylized and illustrative representation
of repo transactions.
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the benefit of entering the repo at a lower interest rate than Rborrower, and the cost of the
transaction, c. It is immediate that if the required returns of the two investors are elastic to
the quantity of investments they hold, then in this stylized example the repo rates are deter-
mined by aggregate market clearing, unlike the haircuts on individual assets. The haircuts,
on the other hand, are determined by the asset-specific largest risk-free payoff that can be
pledged in the contract, λiδ

min
i . This comprises two elements.

First, the intrinsic riskiness of the asset payoff – measured in this example by δmin
i , which

is related to the asset’s fundamental risk. Second, the asset-specific pledgeability parame-
ters λi, encapsulate a notion of liquidity (e.g., an asset characterized by a high price impact
parameter would, ceteris paribus, command a lower λi). The underlying rationale for illiq-
uidity could be due to various reasons such as, e.g., asset-specific market development, dif-
ference of opinion, heterogeneous information about the asset fundamentals. To a large ex-
tent, as formalized below when presenting our testable hypotheses, different theories about
the determination of haircuts are theories about the salient drivers of λi (and, to a lesser ex-
tent, δmin

i ). With the above stylized setting at hand, we now turn to the formalization of our
testable hypotheses.

Hypothesis 1 (collateral quality): The repo haircut is larger when the collateral is of lower quality
and/or illiquid.

That is, both a lower δmin
i and λi are expected to be associated, ceteris paribus, with a

higher haircut. The literature generally agrees that collateral of lower quality commands
a higher haircut. For example, in Holmstrom and Tirole (1997), the risky collateral leads
to lower pledgeability and higher haircut. In Dang et al. (2011), they find that the hair-
cut size depends on the quality of collateral since a repo haircut amounts to a “tranching”
of the collateral security that discourages lenders from acquiring information, and tranche
size depends on the risk characteristics of the collateral. In Martin et al. (2014), they argue
that in bilateral repo markets, haircuts increase considerably with collateral risk and flexi-
ble haircuts make the bilateral market less fragile in terms of repo runs. In Brunnermeier
and Pedersen (2009), haircut is pinned down by market Value at Risk (VaR) conditional on
financiers’ information set. The authors show that when financiers are uninformed, they set
destabilizing margins: when price deviates from fundamentals, they set high haircut and
provide less funding liquidity, making price-fundamentals gap even larger and in turn re-
ducing market liquidity.8 In a contractual framework, Gottardi et al. (2019) also show that

8In their model, when financiers are informed, the opposite happens. The financiers provide more funding
liquidity and lower the haircut when price is far away from the fundamentals and there is no feedback loop
between funding and market liquidity in that case.
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riskier assets command higher haircuts and lower liquidity premia, since higher risk en-
tails a worse distribution of collateral value across states relative to collateral needs. In our
stylized model in Appendix A.1, we find that repo haircuts are larger for riskier collateral,
because borrowers are more likely to default, and for more illiquid collateral, because the
recovery rate is lower (as stated in Proposition 1 therein).

We measure collateral quality using both proxies for the intrinsic risk of the assets, such
as maturity, rating, and asset types, as well as the VaR of the asset, which is driven by the
liquidity of the market in which the security is traded. Note that the VaR we compute is
a market VaR (i.e. based on the uncertainty about the underlying asset price movements)
rather than a credit VaR (normally based on transition probabilities across asset ratings and
default states). Furthermore, the VaR measure is at the very short horizon (5 days). Given
that the main driver of market VaR is the volatility of the price, it is greatly affected by the
liquidity of the underlying (due to the effect of price impact). Instead, credit rating is not
directly related to liquidity: only the likelihood of default should in principle affect this
measure.9 Nevertheless, there might be a feedback effect from default likelihood to liquidity
of the asset: a low credit rating can cause an illiquidity of the asset, and hence also affect
the VaR. The deal-level characteristics, such as notional value and maturity, are also likely to
affect the overall risk and liquidity profile of the transaction. The larger the notional value,
the larger the potential price impact in the event of liquidation. Similarly, as the length of the
repo contract increases, the potential loss from worsening collateral quality becomes greater.

The existing empirical literature on bilateral repos (such as Gorton and Metrick (2012),
Baklanova, Caglio, Cipriani, and Copeland (2019), Auh and Landoni (2022)) has examined
how collateral risk characteristics, such as asset class, rating, and volatility affect haircuts.
However, there is very little work to date on how counterparty (borrowers or lenders) char-
acteristics affect haircuts. This is largely due to the fact that the existing datasets do not
have detailed counterparty data or have data only from a single lender or only a single bor-
rower.10 Furthermore, prima facie, it is unclear whether counterparty characteristics should
affect the haircut since the repo loan is overcollateralized. In fact, a European Repo coun-
cil study (Comotto (2012)) has questioned whether counterparty characteristics should have
an impact, if any, on haircuts. In contrast, existing theories based on various frictions do
provide guidance on the possible impacts of counterparty characteristics. The rich cross-

9As per Moody’s Rating Symbols and Definitions, 03/25/2025, page 47: “Moody’s defines credit risk as the risk
that an entity may not meet its contractual financial obligations as they come due and any estimated financial loss in the
event of default or impairment. [...] Credit ratings do not address any other risk, including but not limited to: liquidity
risk, market value risk, or price volatility.”

10Baklanova, Caglio, Cipriani, and Copeland (2019) find suggestive evidence that counterparty risk is an
important factor in explaining the dispersion of haircuts for repos involving Treasuries although the magnitude
of its impact is small.
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sectional variation of counterparty types in our dataset allows us to investigate the testable
implications from different economic mechanisms proposed in the theoretical literature. We
now motivate and formulate five hypotheses related to this channel via: counterparty type,
default probabilities (of both borrowers and lenders), repeated interactions between coun-
terparties, and lenders’ liquidity needs.

Hypothesis 2 (counterparty types): The repo haircut is larger when the counterparties in the
contract are from different lines of business and hence have different opinions about the collateral
value.

That is, the difference in counterparty pair business models might affect the pledgeabil-
ity of the asset (λi in our stylized description of a repo-financed asset purchase of equation
(2)). Theoretically, Geanakoplos (2003) is the first to propose a general equilibrium frame-
work with difference of opinion to study leverage constraints, and thus repo haircuts. The
mechanism works as follows: optimists borrow from pessimists to speculate on the collat-
eral value. Since pessimists do not value the collateral as much as optimists do, they are
reluctant to lend, which constrains optimists’ ability to borrow and results in a haircut. This
means that the face value of the loan is lower than the market value of the asset. Simsek
(2013) emphasizes that only the belief disagreement about the probability of the downside
states has a significant effect on haircuts and asset prices. Since it is difficult to measure
difference of opinion, we conjecture that when borrowers are from a different line of busi-
ness from lenders, the potential belief disagreement is larger (especially for more obscure
financial instruments like securitized products that are part of credit repo).

The literature on collateralized borrowing uses principal-agent models with borrowing
constraints. As demonstrated in Simsek (2013), there is an equivalence of the principal-agent
framework and the general equilibrium framework proposed by Geanakoplos (2010) as long
as the optimistic borrowers have all the bargaining power. The principal-agent framework
can be extended to include frictions other than belief disagreement, such as costly state ver-
ification, moral hazard (e.g. Holmstrom and Tirole (1997); Biais et al. (2016)), or adverse
selection (e.g., Dang et al. (2011); Ozdenoren et al. (2023)).

Therefore, a potential proxy for information friction between the parties of a bilateral
repo is the credit quality of the counterparty, rather than just the difference in types. Addi-
tionally, the existing empirical literature has been largely silent about how counterparty risk
characteristics affect haircuts. This leads to our third testable hypothesis.

Hypothesis 3 (counterparty quality): The repo haircut is larger when the default probability (credit
quality) of borrower is higher (lower).
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That is, the borrowers’ credit quality affects the collateral asset’s pledgeability λi. The-
oretically, borrowers’ credit quality could affect haircut via several channels. In Gottardi,
Maurin, and Monnet (2019), the authors find that haircuts increase when counterparty qual-
ity decreases because riskier borrowers can credibly promise to repay lower amounts. In
Holmstrom and Tirole (1997), moral hazard is greater when borrowers have higher default
risk and therefore borrowers need to put more skin in the game by taking a larger haircut.
Biais, Heider, and Hoerova (2016) find that, in the presence of a moral hazard problem, there
is less incentive for sellers to engage in risk prevention when their expected liability goes
up. Larger haircut mitigates this moral hazard problem. Dang, Gorton, and Holmström
(2011) show that the existence of haircuts is due to sequential trade in which parties may
default and intermediate lenders face liquidity needs. In this setting, due to borrowers’ de-
fault risk, haircuts need to be imposed to make repo debt information insensitive. Given
the role of information frictions outlined above, a natural question is whether arrangements
that have the potential to reduce information asymmetry are salient for equilibrium haircuts.
For instance, the existence of repeated bilateral relationships between borrower and lender
is likely to lower the degree of information friction, and hence could drive the determination
of haircuts. This leads to our fourth testable hypothesis.

Hypothesis 4 (bilateral relationship): Haircuts are lower for bilateral parties with stable banking
relationships.

That is, the information friction between the borrower and the lender affects the collateral
asset’s pledgeability λ. A stable banking relationship lowers the information friction. For
instance, our stylized model (in Appendix A.1) captures the impact of information asymme-
try on the collateral asset’s pledgeability based on the canonical Akerlof (1970) framework.
In this model, heightened information asymmetry between borrowers and lenders means
that the repo market is more likely to be populated with low quality (lemon) collateral.
Hence, the lender faces more severe adverse selection risk and demands a high haircut (see
Proposition 2 in Appendix A.1). In Ozdenoren, Yuan, and Zhang (2023), Dang, Gorton, and
Holmström (2013) and Dang, Gorton, and Holmström (2011) (just as in our stylized model
in Appendix), a main driver of haircut is adverse selection. In Holmstrom and Tirole (1997)
and Biais, Heider, and Hoerova (2016), the main driver is moral hazard. When information
asymmetry is lowered, the impact of all above channels on haircut is reduced.

Nevertheless, as shown in Ozdenoren, Yuan, and Zhang (2023) and Proposition 3 of our
stylized model in Appendix A.1, there are contractual ways to mitigate the impact of asym-
metric information between the counterparties, and alleviate the risks faced by the lender.
For example, a portfolio of collateral assets will have a larger borrowing capacity if it in-
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cludes some safe assets. This leads to our next testable hypothesis.

Hypothesis 5 (portfolio repos): Risky assets in a portfolio repo with safe assets have lower haircuts
than purely risky asset repos.

Finally, we examine whether the lender’s characteristics affect haircut—that is, whether
the lender’s quality and liquidity affect the pledgeability of the collateral, λi.

Hypothesis 6 (lender’s quality and liquidity): The repo haircut is larger when the default proba-
bility and/or liquidity need of the lender is higher.

This hypothesis draws on the literature that models coordination and runs in the repo
market. Gorton and Ordonez (2014) find that endogenous information acquisition can cause
a sudden increase in haircuts and a collateral crisis. In their setting, short-term collateralized
debt is optimal if agents are willing to lend without producing costly information about the
collateral backing the borrowing. This in turn endogenously generates financial fragility, as
the quality of information about counterparty risk decays over time and a negative informa-
tion shock might arise. When a shock realizes, the lenders optimally decide to acquire in-
formation about the quality of the collateral, causing in turn a credit crunch and a reduction
in economic activity. Hence, in this setting, collateral quality and borrower characteristics
determine the willingness of the lender to acquire information. In this model, lenders are
homogeneous while borrowers are heterogeneous. Nevertheless, if lenders were to have het-
erogeneous costs of information acquisition, this would also drive their equilibrium action,
making lender characteristics salient.

This intuition is formally developed in Dang et al. (2011). In their model, haircuts arise
due to sequential trade in which parties might default and intermediate lenders face liq-
uidity needs. Consequently, the drivers of haircuts become the following. First, borrower
default probabilities (like in the testable hypothesis 3 above). Second, the nature of the col-
lateral information sensitivity: like in our testable hypothesis 1 above, collateral with lower
ratings has higher haircuts. Third, the liquidity needs of the lender and the default proba-
bility of the lender, since the lender might need to raise funds by further pledging and/or
liquidating the received collateral. This channel causes lenders with higher liquidity needs
to charge higher haircuts. Similarly, in a dynamic Diamond and Dybvig (1983) model with
a collateral market, Martin, Skeie, and Von Thadden (2014) study the role of liquidity and
collateral constraints in determining repo runs. They find that the value of collateral and the
endogenous liquidity of intermediaries then become crucial for their stability, as repo runs
can be avoided by mobilizing sufficient liquidity and having sufficiently valuable collateral.
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That is, the “balance sheet liquidity” of the lender becomes a key driver of repo contract
terms and market conditions.

In addition to the above hypotheses for equilibrium haircut drivers, the stylized formula-
tion in equations (1)–(2) suggests a “pecking order” for collateral posting by repo borrowers.
The idea is simple: if the borrower chooses whether or not to repo an asset based on which
of the two expressions is higher, assets which can back the most safe debt (i.e., assets with
larger λiδ

min
i ) will be repoed first. We investigate this conjecture in our empirical analysis.

3 Overview of the Data

The transaction-level dataset is a snapshot of the repo books of six banks that are ma-
jor players in the UK repo market. The total size of their repo books—the sum of repos
and reverse repos—is around £511 billion (including CCP transactions) at the end of 2012.11

According to Financial Stability Board (2013), the UK-resident deposit-taking banks hold
around £2.1 trillion in gross repo activity on their balance sheets, hence our dataset accounts
for around 24% of the total repo activity in this market. That is, these six banks are, in
terms of activity, central to the UK repo market, and are in our sample because the regulator
deemed them systemically important for the repo market. The majority of this business is
with non-UK resident banks, including the activity between UK and foreign branches of the
same consolidated group, and is highly concentrated (Financial Stability Board, 2013). Each
of the six banks reports its outstanding repo transactions as of the end of 2012, including
the gross notional, maturity, currency, counterparty, haircuts and collateral information. We
supplement this dataset with additional data on securities, counterparties, and the report-
ing banks from Datastream and Bloomberg. In what follows, we report information and
results for reverse repos (REVR) and repos (REPO) separately. This classification is from the
point of view of the reporting banks. Hence, in a reverse repo the reporting bank is lending to a
counterparty, and in a repo the reporting bank is borrowing money from a counterparty.

3.1 General Sample

Table 1 presents an overview of our dataset in terms of key repo and reverse repo contract
characteristics. It shows the breakdown of the data along four categories: maturity, currency,
counterparty type, and collateral type (Panels A, B, C, and D, respectively). Since repo indi-
cates bank borrowing, we denote the repo values with negative numbers. By comparing the
values of reverse repos and repos, we find that the reporting banks are net borrowers in the

11The actual reporting periods differ slightly across the banks, but all are toward the end of 2012.
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repo market (see the row labeled “Total" in Table 1). Panel A of the table shows that most of
the borrowing and lending transactions for these reporting banks have maturities less than
three months. While borrowing exceeds lending for overnight contracts, lending is larger for
transactions with maturities of less than three months. This observation suggests that the
reporting banks conduct maturity transformation, to some extent. However, for maturities
longer than one year they are still net borrowers. Panel B of the table shows that the report-
ing banks borrow and lend the most in GBP and EUR followed by USD. In net terms, they
borrow in GBP and lend in other currencies. Panel C of Table 1 shows that the reporting
banks, in aggregate, borrow more via CCPs and from counterparties such as other banks,
central banks and governments, broker-dealers and hedge funds. The reporting banks lend
more via CCPs and to counterparties such as other banks, hedge funds, broker-dealers, and
other asset managers. This is in line with our general understanding of the money flow
pattern in the wholesale funding market where banks and CCPs intermediate repo trades.12

Finally, Panel D of Table 1 shows the breakdown based on collateral types. It shows that
when the six banks borrow, only a small percent of their repo collateral is U.S. government
bonds. It also appears that the reporting banks intermediate in (and borrow against) rela-
tively worse collateral such as securitization products and corporate debt. UK government
bonds are the most common collateral used both in repo and in reverse repo contracts fol-
lowed by other high quality sovereigns such as German government bonds. Inspecting the
maturity-currency relationship in Figure 1, we see that the majority of contracts (frequency,
not notional values) are in EUR and USD followed by GBP and JPY. Most of the contracts
have maturity less than 3 months across all currency groups. Only a very small fraction
of the contracts have maturity more than half a year within each currency category. GBP
has a relatively higher fraction of reverse repo contracts within 3 to 6 months, compared
to other currencies. Repo (reverse repo) transactions in JPY and other currencies happen
almost exclusively with maturity up to 1 (3) month(s). In Table 2, we examine the break-
down of contract characteristics for the CCP sub-sample. There are six CCPs in our sample.
Compared with the full sample, the CCP subset is less heterogeneous in terms of maturity,
currency denomination and types of collateral. CCP trades are mostly short-term with 1 day
to three-month maturity and without any maturities above five years. GBP-denominated
transactions are above 82% for repo and above 55% for reverse repo CCP trades. UK gov-
ernment bonds are featured as collateral in 86.7% of the repo and 59% of the reverse repo
CCP trades.

12The first row in Panel C describes the values when counterparty is a reporting bank. The reporting banks
report on a UK-consolidated basis, but counterparties are reported on a global basis. Therefore, there may be
discrepancies between the reverse repos and repos with the reporting banks.
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Finally, to contrast the effect of the collateral quality, we provide summary statistics for
three salient subsamples: Government securities rated AA and above, as well as rated below
AA, and finally other securities. This exercise also serves to compare with studies using
the U.S. tri-party repo data where collateral consists of high-quality U.S. treasuries. The
breakdown of these three types of contracts across maturity, currency, and counterparty
types is shown in Table 3.

There are several notable differences between repos backed by highly-rated government
securities and non-government ones. First, contracts with non-government assets as col-
lateral are mostly overnight in reverse repo, and longer-term (1-5 years) in repo. This fact
shows that when banks lend against riskier collateral (reverse repo), they do so only for
very short maturities (overnight), whereas when they borrow against this risky collateral,
they are able to do so for much longer contract maturities. In contrast, the safest collateral
(AA or higher government securities) is used both for repos and reverse repos with maturity
up to 1 year, and the distribution across maturities is fairly similar. The intermediate quality
collateral (government assets rated below AA) is used extensively for short-term repos and
reverse repos with maturity of less than three months.

Second, the lower rated government securities and the non-government collateral have
a larger share of USD-denominated trades, while the safest government assets are used to
borrow mostly in GBP. The share of hedge funds as counterparty for non-government secu-
rities is larger when the reporting banks are lending compared to when they are borrowing.
The larger share of hedge fund borrowers might explain the short overnight maturities of
these contracts given the higher riskiness of hedge funds. In contrast to the case of non-
government collateral, the repos backed by the safest assets have the majority of deals (both
repo and reverse repo) with CCPs.

Comparing the total for the safest government collateral in repos and reverse repos in
Table 3 (£314.4 billion) to the total in Table 1 (£511.2 billion) shows that a significant portion
of the repo market – about 39% – is backed by riskier collateral. This is a phenomenon that
is unique to the European market and is a significant departure from the patterns observed
in the U.S. repo market. Among the 39%, about 7% is backed by non-government collateral,
which is of lower average quality. The discrepancy between our sample and the general U.S.
market stems from the fact that risky sovereign bonds such as those issued by GIIPS (Greece,
Italy, Ireland, Portugal, and Spain) and developing countries are accepted as collateral by
central banks in the European markets, but not in the U.S. market. Since the repo literature
is dominated by studies that use U.S. data, in the haircut analyses below we differentiate
results for different collateral types. This investigation is in addition to the main analysis
using the whole sample, in order to assess whether the overall results are mainly driven by
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a subsegment of the market.
We also analyze to what extent collateral is reused in our dataset by computing what per-

centage of the collateral received by banks in reverse repos is then reused to borrow as part
of repo transactions. In particular, we report in Table 4 the average rehypothecation rates
by maturity and collateral type. The overall pattern of rehypothecation across maturities is
similar to recent findings for the U.S., as in Figure 4 of Infante et al. (2020). Table 4 shows
that rehypothecation is more common for higher quality government securities particularly
at 10-20 year maturity. Conversely, non-government collateral is rehypothecated at much
lower frequency, especially for longer maturity.

Since we explore the heterogeneity of non-CCP deals in a large part of our regression
analysis, Table 5 presents summary statistics on haircuts for the non-CCP subsample along
four categories: maturity, currency, counterparty type, and collateral type (Panels A, B, C,
and D, respectively). This sample is also smaller than that in Table 1 due to missing haircut
information for some observations. The average haircuts for each category in Table 5 are
weighted by the gross notional of transactions.

Panel A of Table 5 shows that, except for long maturities, the reporting banks are able
to borrow at slightly lower haircuts than they lend. This observation means that they can
use the collateral received in a reverse repo to obtain cheaper funding. A similar pattern
exists for different currencies as shown in Panel B. Panel C makes it clear that the above-
mentioned haircut advantage for reporting banks arises from trades with hedge funds, other
asset managers and, to a lesser extent, with other banks and broker-dealers. In the transac-
tions with these counterparties, the banks can receive funding at significantly lower margins.
The intermediation spread can be as high as 1.3% for hedge funds and as low as 30 bps for
broker-dealers. This advantage disappears when our banks trade with central banks and
government agencies, insurance companies and pension funds, and other reporting banks.

Finally, Panel D in Table 5 shows the breakdown based on collateral types. It displays
how margins depend on the quality of collateral. For example, both repos and reverse repos
for German government bonds have a low average haircut, while haircuts for corporate debt
and securitization are higher. The numbers also show that the six reporting banks are able
to borrow at a lower haircut compared to the one they charge for the same type of collateral.
This is true for all collateral types, except securitized debt. Note that the UK government
collateral commands a relatively high haircut, but this is largely due to the longer maturity
of the collateral.
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3.2 Zero-haircut Subsample

There are many zero-haircut observations in the data as illustrated by the histogram of
haircuts in Figure 2: over 35% of the whole sample. Some of these zero haircuts are due
to the way haircuts are reported in CCP trades as explained in the next section, but even
excluding CCP trades, zero-haircut transactions are still quite common.13 This finding is
not surprising and has been confirmed by other data collections undertaken at the global
level. A summary of the zero-haircut trades among the non-CCP sample is presented in the
last two columns of Table 5. The table shows that the vast majority of contracts are with
other banks and are denominated in EUR. In terms of notional values, most repo contracts
are overnight, whereas reverse repos have maturities below 3 months. As for number of
contracts, most of the zero-haircut contracts are overnight (84% of all repo contracts, 72% of
all reverse repos), as shown in Figure 3.

The network graphs in Figure 4 illustrate the topology of the zero-haircut trades. The size
of each node reflects the number of counterparties with which a reporting bank has at least
one zero-haircut deal. Edge widths show the total number of zero-haircut trades between
two given nodes. The figures show that the zero-haircut observations from the repo and the
reverse repo samples are dominated by one or two banks. In the repo market, one of the
banks (bank A in Figure 4) receives the majority of zero-haircut trades. This borrower has
89 zero-haircut lending counterparties but one particular counterparty accounts for 24% of
these trades – C697 in Figure 4. In the reverse repo market, another bank (bank B in Figure 4)
is involved in 95% of all the zero-haircut trades. The top-10 counterparties account for 68%
of all zero-haircut repo trades and 71% of all zero-haircut reverse repo trades, which shows
that a small number of counterparties contribute to the majority of zero-haircut observa-
tions. These facts suggest (and the fixed-effect analysis in Section 4.2 confirms) that there are
important borrower-lender relationships among the determinants of the zero-haircut trades,
supporting our fourth testable hypothesis highlighted above. We investigate the role of bi-
lateral relations further in later sections.

3.3 Complementary data on repo rates

Unfortunately, despite its richness, our baseline dataset does not include interest rates
on the repo contracts. To fill this gap we employ the Bank of England Sterling Money Mar-
ket daily (SMMD) dataset that contains detailed transaction-level information on repo and
reverse repo agreements for which GBP cash borrowing and lending is secured against Trea-
sury bills and government bonds (nominal and index-linked Gilts) issued by the UK gov-

13We find that zero-haircut trades are about 36% of the CCP sample and 30% of the non-CCP sample.
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ernment. Our data include trades reported by banks and major broker-dealers between 2016
and 2019.14 The data include, among other information, the counterparty Legal Entity Iden-
tifiers (LEI), the amount, the maturity of the transaction, and corresponding interest rate,
the ISIN identifier for the collateral backing the transaction, and the market value of the
collateral. Summary statistics for this data are reported in Tables OA.I–OA.III of the Online
Appendix.

4 The Drivers of Haircuts

4.1 Empirical approach

For most of the regression analysis, we focus on the sample excluding the trades with
CCPs. In practice, CCPs often calculate haircuts (or initial margin requirements) on a port-
folio basis. That is, the over-collateralization of repo positions is calculated at the portfolio
or netting set level, without applying haircuts on individual transactions. In our dataset,
firms still report a transaction-level haircut, but this is often zero given that the ’true’ haircut
is applied at the portfolio level. In such cases, it is not meaningful to look at haircuts on
individual transactions that are centrally cleared. Therefore, we focus on the sample that
excludes CCP transactions to conduct the main analysis. Nevertheless, we also study the
reasons for choosing CCPs to conduct trades in Section 4.4.

In Table A.I of the Appendix, we describe all the explanatory variables used in the re-
gressions. We have dummy variables for currencies, collateral types, counterparty types,
bank-counterparty pairs and a dummy for collateral bundled in a portfolio with a very safe
asset (rated AAA). Other than dummy variables, we use trade-specific variables, collateral-
specific and counterparty-specific characteristics. We also have two measures for counter-
party and collateral concentration. Counterparty concentration measures the share of trans-
actions with a specific counterparty in total, evaluated using the notional amount of trans-
actions. It represents how important that counterparty is to the bank. Similarly, collateral
concentration is measured by the share of transactions against a specific collateral in total,
evaluated using the notional amount of transactions. We also include an interaction between
counterparty and collateral rating to check for substitution effects between the two types of
ratings.

To confirm that the large number of zero haircuts does not distort our results, in addition

14The Bank of England requires institutions with a significant activity in the money market to report their
transactions. The population for the daily transaction reporting is chosen to capture all institutions whose
activity falls within the top 95% of activity at either overnight or up to one-year maturity (measured using
their reported annual turnover).
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to the ordinary least square regressions, we also report Tobit estimation with truncation at
zero (in the Appendix, Table A.II). We split the data and consider separately repo and reverse
repo transactions since they are different samples: one has reporting banks as borrowers
and the other has the reporting banks as lenders. Moreover, we observe heterogeneity in the
counterparties in the two types of transactions which allows us to conduct a more detailed
analysis of haircut determinants.

Table 6 reports summary statistics for haircuts and non-dummy explanatory variables
for the sample used in the baseline regressions. Except collateral and counterparty ratings,
which are categorical, other variables in this table are continuous. The summary statistics are
presented separately for reverse repos and repos in Panels A and B, respectively, given that
haircut practices can potentially differ significantly between the two instruments. Variables
are winsorized at the 0.5% level.

Even though haircuts can have a value as high as 46%, the weighted average of haircuts
is about 6% for reverse repos and about 2% for repos. The weighted average of maturity
for the transactions is about 22-29 days. The average collateral maturity is between 7.5 and
12 years. Collateral and counterparty ratings are converted to a numeric scale from 1 to 20,
with 20 being the highest rating. The average collateral quality in this scale is about 14, while
the average counterparty rating is between 14 and 15 (which corresponds to between A- and
A).

The summary statistics for counterparty return on assets (RoA), leverage, CDS spread,
and cash ratio are also presented in Table 6, and the respective definitions are in Table A.I.
We include RoA to see how the profitability of the counterparty can affect haircuts. The cash
ratio is intended to proxy for liquidity needs. Overall, the summary statistics for reverse
repos and repos are not significantly different. We also present the same data for differ-
ent subsets of collateral types in Table 7 and, overall, the counterparty characteristics seem
similar across the three collateral categories.

Table 8 reports the baseline estimation results for the whole sample using the OLS speci-
fication. We conduct the analysis separately for reverse repo and repo contracts because for
the same bilateral pair, the bargaining power often lies with one party regardless of whether
this party is borrowing or lending. Therefore, haircuts would be different when the party
with the greater bargaining power is borrowing (repo) compared to when it is lending (re-
verse repo), indicating that the counterparty fixed effect estimation should be different for
the reverse repo and repo contracts. We also report the subsample analysis for different cat-
egories of collateral in Tables 9 (reverse repo) and 10 (repo), to isolate the information effect
of the collateral on the haircut determination.

In these three tables, the dependent variable is haircut. The explanatory variables are
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classified into five categories: deal characteristics, collateral characteristics, counterparty
types, counterparty characteristics, and miscellaneous variables. These categories are shown
in the first column. Numbered columns display regression coefficients for different sets of
explanatory variables. All continuous explanatory variables are standardized in order to
simplify the comparison of coefficients for different variables. Standard errors, which are
not reported for simplicity, are clustered at the counterparty level.15 All regressions include
bank fixed effects (FEs), relationship fixed effects and currency fixed effects. A relationship
FE is a dummy taking the value of 1 if the given dealer-counterparty pair has more than 10
trades in the regression sample.16 The main regression for Table 8 is:

Haircutj = β × determinantsj + BankFE + RelationshipFE + CurrencyFE + 󰂃j, (3)

where β is a vector of estimates on the haircut determinants.
In columns (1)-(5) of Table 8 we report the findings for reverse repo transactions. In these

transactions, the reporting bank lends cash and receives collateral, whereas the counterparty
borrows money and delivers collateral to the bank. Hence, counterparty characteristics cor-
respond to borrower characteristics. In columns (6)-(10), we present analogous results for re-
pos. In these transactions, the reporting bank borrows cash and delivers collateral, whereas
the counterparty lends money and receives collateral. Hence, counterparty characteristics
correspond to lender characteristics in these transactions. In both cases, we first report the
result with the smallest set of explanatory variables (deal characteristics), then we include
collateral variables, counterparty types and characteristics variables, and finally a set of mis-
cellaneous variables.17

In Tables 9 (reverse repo) and 10 (repo), we present results for the three subsets of collat-
eral: Government securities rated AA and above, those rated below AA, and non-government
(other) securities. The regressions therein are of the form

Haircutj =γ × determinantsj + β1 × determinantsj × Dj,<AA

+β2 × determinantsj × Dj,Other + δ1Dj,<AA + δ2Dj,Other

+BankFE + RelationshipFE + CurrencyFE + 󰂃j,

(4)

where the γ coefficients measure the base effect (corresponding to highly-rated government

15We have explored using two way clustering at the bank and counterparty levels, yielding similar results.
However, given that we have only six banks in our sample, we have too few clusters at the bank level. Hence,
we report standard errors using single clustering in all our tables.

16The results with larger cutoffs are similar.
17In Table A.III in the Appendix, we also run a robustness test for the main regression specification including

month fixed effects, which shows that the main results are unchanged.
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assets), shown in columns (1)–(5), and the β1 and β2 coefficients capture the marginal effects,
i.e., the relative effect of using, respectively, government assets with ratings below AA (in
columns (6)–(10)), and other collateral (in columns (11)-(15)).

In all tables, reverse repo regressions have a better fit (measured by R2) than repo re-
gressions. Importantly, the marginal R2 pertaining to the various groups of explanatory
variables is lower for repo than for reverse repos. For example, in Table 8, adding all our
regressors in the repo case gives an R2 = 0.532 (column 10) compared to having only the
two contract-specific variables (column 6) with R2 = 0.511. For reverse repos, adding all
the regressors increases the R2 from 0.539 to 0.669. Overall, this shows that our empirical
model is better at explaining reverse repos than repos. This observation is also corroborated
by there being fewer significant coefficients in the case of repos compared to reverse repos.

The above observation can be partially explained by the nature of our sample. The re-
verse repo sample consists of the lending transactions by the six major banks to a variety
of counterparties who use various types of collateral. Hence, there is more heterogeneity
in both collateral and counterparty characteristics for the regression analysis, which could
explain the better fit. In contrast, the repo sample contains borrowing transactions by the
same six major banks who use a more limited range of collateral and borrow from a rela-
tively smaller set of counterparties (since typically only cash-rich counterparties lend to the
banks). These unique features of our sample could help explain the difference in regression
fit across the repo and reverse repo subsamples. Next, we elaborate on the main results
presented in Tables 8–10 in light of the six hypotheses formulated in Section 2.

4.2 Tests of hypotheses

Test 1 (collateral quality): The haircut is larger when the collateral is of lower quality and/or
illiquid.

As mentioned earlier, collateral quality can be measured using VaR, maturity, rating,
and/or asset types. Transaction maturity is also a proxy because the longer the maturity,
the riskier the underlying collateral becomes. Another measure of collateral riskiness is its
concentration: when the concentration ratio increases, the collateral portfolio pool becomes
riskier. To test hypothesis 1, we include VaR of each asset, collateral rating, maturity, trans-
action maturity, collateral concentration, and notional value in all baseline regressions. We
compute VaR using two approaches. First, the measure is obtained using the historical ap-
proach, i.e., using the quintiles of the historical return distribution. We calculate simple
returns and take the 5-days, 5% VaR as our main measure.18 Second, we also compute VaR

18Using 1% or 10 days produces similar results.
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using the parametric approach (i.e., using the deciles of the normal distribution). The results
are largely similar to the results obtained using the historical approach. In the main text, we
provide the results obtained with the historical VaR.

Table 8 shows that the longer the contract maturity, the larger the haircut, and this rela-
tionship is statistically significant across most specifications. The estimate of 0.054 in column
(5) of Table 8 shows that one standard deviation increase in maturity of reverse repo con-
tracts (2 months) raises haircuts by 5.4%. Similarly, the coefficient of 0.035 in column (10)
shows that one standard deviation increase in maturity of repo contracts (4 months) raises
haircuts by 3.5%.

Among the collateral qualities, the results in Table 8 show that VaR has the most consis-
tent, statistically significant impact on haircuts – both in reverse repo and repo markets. One
standard deviation increase in the 5-day, 5% VaR is correlated with 100 bps increase in the
repo haircut and with a 60 bps increase in the reverse repo haircut. The effect is robust to
adding different controls – the estimates in columns 1-10 barely change. When inspecting
the impact of VaR in the collateral subsets, we find that this effect is robust for reverse repo
cash transactions, but the marginal effect is negative for lower rated government bonds and
not significant for non-government collateral (see Table 9). This reinforces the conjecture
that, given its short horizon, VaR captures mostly liquidity rather than credit quality.19 VaR
is insignificant for repos for all collateral categories (see Table 10).

We find that collateral rating has a statistically significant impact on reverse repo hair-
cuts. One unit increase in collateral rating lowers the haircut by about 1.2% (Column (5)
in Table 8). That is, the reporting banks rely on collateral rating to assess the haircut when
lending. However, the statistical significance of this result disappears for the repo sample.
This indicates that when reporting banks borrow, their counterparties rely less on collateral
rating (a credit risk indicator) but more on VaR (a liquidity indicator) to set the haircut.

For the whole sample, higher collateral concentration – another measure of the riskiness
of the collateral portfolio – increases the haircut, both for reverse repo and repo transactions
(columns (5) and (10) in Table 8). Therefore, our reporting banks are charged (charge) sig-
nificantly higher haircuts when borrowing (lending) relatively large sums against the same
collateral. The results are more subtle when conditioning on the three collateral subsets.

Collateral concentration has a positive and statistically significant effect on haircuts only
when the reporting banks are lending against riskier collateral (column (15) in Table 9).

In general, there is strong evidence that collateral quality and liquidity variables are im-
portant determinants of repo haircuts.

19VaR is a measure of market liquidity risk in standard risk management textbooks.
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Test 2 (counterparty types): The haircut is larger when the counterparties in the contract are from
different lines of business and hence have different opinions about the collateral value.

Table 8 shows that the reporting banks charge higher haircuts when lending to hedge
funds and are charged higher haircuts when borrowing from central banks. However, there
is more complexity to this finding. In Table 9 we further examine this effect in separate
subsets of collateral. We find that hedge funds are charged much higher haircuts when us-
ing non-government assets as collateral: the haircut increases by a staggering 25-28% when
banks lend to hedge funds in a repo backed by non-government securities. This finding is
consistent with the idea that belief disagreement is more pronounced for repos backed by
risky collateral. Somewhat surprisingly, banks charge lower haircuts when hedge funds use
highly-rated government assets as collateral. The latter observation might be related to the
fact that the type of hedge funds that borrow using high quality collateral is different from
the one using riskier collateral (Kruttli et al. (2021)). We also observe a similar dichotomy
for insurance companies and pension funds, although the aggregate impact on the haircuts
paid overall (shown in Table 8) is not statistically significant.

Since there is more disagreement about the value of riskier and more heterogeneous col-
lateral relative to the safest government bond collateral, these observations support the view
that when the two parties in a repo contract disagree on the collateral value, charging a
higher haircut is a tool to mitigate the disagreement. We do not find strong evidence that
banks charge significantly higher haircuts when lending to broker-dealers, other banks, or
asset managers. This pattern might reflect the fact that there is lower information friction
between counterparties of similar types. This evidence is consistent with both the difference
of opinion (see, e.g., Geanakoplos (1997)) and the adverse selection (see, e.g., Ozdenoren
et al. (2023)) paradigms.

However, although our reporting banks are charged higher haircuts when borrowing
from several types of counterparties in our sample, only haircuts from central banks are
significantly larger from a statistical standpoint – about 4.9% higher (column (10) in Table 8).
This effect is present only if banks use the safest government collateral (Table 10). Overall,
the lack of significant counterparty type fixed effects in the repo sample (except the central
banks one) may reflect the fact that there is little disagreement about the value of collateral
used by the reporting banks (since collateral is mostly of the highest quality – see Table 3),
and higher costs in accessing central bank liquidity.

Test 3 (counterparty quality): The haircut is larger when the default probability (credit quality) of
the borrower is higher (lower).

To test hypothesis 3, we use the rating and the leverage ratio of the borrower in the
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reverse repo sample. The results from Table 8 show that both have a significant impact.
Our reporting banks charge higher-rated (lower default probability) borrowers and lower-
levered banks lower haircuts: one unit increase in rating decreases the haircut by 1.7% and
one standard deviation drop in leverage lowers the haircut by 7.7% (column (5)). These
findings are consistent with the third hypothesis. The results in column (5) of Tables 8–9
also show that larger counterparties are charged lower haircuts by our reporting banks: one
standard deviation increase in size massively reduces the haircut by 15.8% (and this seems
to be driven mostly by the highly-rated government collateral, see Table 9). This finding
shows that there is significant tiering in the repo market, similar to that in other short-term
funding markets (Rime et al. (2022)). The results for the repo sample are not statistically
significant although the positive sign indicates that larger lenders charge a higher haircut.
Counterparties with missing data on counterparty characteristics charge a higher haircut as
lenders, but receive a reduced haircut as borrowers. The majority of these counterparties are
small banks, asset managers, and some hedge funds.

Test 4 (bilateral relationship): The repo haircut is lower for bilateral parties with a stable banking
relationship.

Although our baseline dataset comprises a static snapshot of repo and reverse repo port-
folios, we do actually observe repeated interactions across time. The snapshot covers trades
initiated in the past at different moments in time, which allows us to observe several out-
standing contracts between two counterparties. These repeated interactions enable us to
tease out bank-counterparty variation that is unexplained by the controls, which is the base
for our measure of relationships. In particular, we measure bilateral relationships with bank-
counterparty fixed effects and focus only on pairs with at least 10 contracts outstanding. This
allows us to distinguish between pairs that traded often in the past and those that did not.
Table 11 reports the percentages of significantly negative and positive relationship fixed ef-
fects in specifications with and without bank fixed effects. It shows that an overwhelming
majority of relationship fixed effects yield statistically significant negative haircuts. The re-
duction in haircut is around 7-10 basis points for reverse repo transactions, and 4-6 basis
points for repo transactions. The results indicate that bilateral banking relationships indeed
reduce the haircut.

Figure 5 presents a network graph of all the bank-counterparty relationship fixed effects,
significant at the 5% (one-sided) level. Red color means the regression coefficient on the
fixed effect is negative (lower haircut if the given two nodes enter a repo contract). Blue
color means the coefficient is positive, i.e. higher haircut if the two nodes enter a contract.
The thickness of the edge between two nodes shows the magnitude of the coefficient on the
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relationship fixed effect. The size of each node reflects the number of significant fixed effects
involving the node.

The figure is consistent with the hypothesis that bilateral relationships matter in haircut
determination since some entities are consistently able to borrow at a lower haircut from a set
of counterparties. For example, bank B both borrows from and lends to counterparties C115,
C167 and C189 at a significantly lower haircut. Interestingly, the same bank also lends at
zero haircut to the largest number of counterparties, and also borrows at zero haircuts from
many entities as seen from Figure 4. Bank A, which is also a major zero-haircut borrower
and lender, is also involved in several significant relationships as seen from Figure 5 but the
bank also charges or is charged higher haircuts when interacting with a set of counterparties
as indicated by the blue lines. Overall, we find evidence in support of the fourth hypothesis
and show the importance of bilateral relationships in determining haircuts.20

Test 5 (portfolio repos): Risky assets in a portfolio repo with safe assets have lower haircuts than
purely risky-asset repos.

To implement this test, we define a dummy equal to one if an asset is part of portfolio
which contains at least one highest-rated asset (AAA). The coefficient on the dummy for
collateral bundled in a safe-asset portfolio from Table 8 shows that lower-rated assets in a
portfolio with a safe asset have lower haircuts (about 60 bps) in the reverse repo sample
compared to the same assets in a standalone arrangement. A more detailed analysis of the
safe-asset portfolios shows that lower-rated counterparties are more likely to bundle assets
in such portfolios. Hedge funds are the counterparties with the largest fraction of portfolios
bundled with a safe asset. The effect of a safe asset in a portfolio is, however, not statistically
significant for the repo sample. Overall, there is mixed evidence for this hypothesis.

Test 6 (lender’s quality and liquidity): The repo haircut is larger when the default probability
and/or liquidity need of the lender is higher.

In the reverse repo regressions, the lenders are the reporting banks and borrowers are
various counterparties. In the repo regressions, the lenders are various counterparties. Ta-
ble 8 shows that none of the counterparties in the repo regressions affect the haircut except
for central banks and government. In addition, none of the counterparty characteristics
coefficients other than that of counterparties with missing data is consistently statistically

20The bilateral relationships might stem from interactions between the two entities in markets other than the
repo market. For example, a customer might also have an established trading relationship with the bank in
other, non-repo assets. Examining the drivers of bilateral relationships is an interesting question that is beyond
the scope of this paper since we do not observe interactions beyond those in the repo market.
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significant. The estimates on lender’s cash ratio, which could be a proxy for lender’s liq-
uidity needs, is insignificant. Similarly, the estimates on lender’s CDS and leverage, which
could proxy for default probability, are also not significant, whereas the coefficient on rating
is positive but only marginally significant. These findings are not strongly supportive of
hypothesis 6 and indicate that lender’s default probability or liquidity needs do not affect
how lenders set haircuts in repo contracts.

4.3 Likelihood of zero-haircut repos

Given the large number of zero haircuts in the data, we now study which transactions
are more likely to get a zero haircut. To do that, we replace the independent variable with
a dummy taking value 1 if the haircut is zero and value 0 otherwise: Dj,zero haircut. We then
estimate a simple OLS (a linear probability model) where the regression coefficients on the
independent variables can be interpreted as marginal effects on the probability of observing
zero haircut on a given contract:

Dj,zero haircut = β × determinantsj + BankFE + RelationshipFE + CurrencyFE + ε j. (5)

Table 12 shows that the R2 is very high in all regressions, suggesting that the explana-
tory variables capture most of the variation in zero versus non-zero haircuts. A closer look
shows that the relationship FEs explain the largest part of that variation. In addition, collat-
eral quality and liquidity variables affect the probability of receiving a zero haircut in a way
similar to the size of haircut, which we studied earlier. Lower contract maturity and higher
collateral rating increase the probability of receiving a zero haircut in the reverse repo sam-
ple. Riskier counterparties (as measured by their CDS spreads) are less likely to receive a
zero haircut. We also find that the probability of a zero haircut is higher when the counter-
parties are broker-dealers, central banks, asset managers, or even hedge funds (a marginally
significant effect in reverse repo).21

4.4 Determinants of CCP trades

We now examine the characteristics of trades with CCP as the counterparty. Four out
of the six reporting banks in our analysis are involved in transactions with CCPs. In our
baseline data, there are nine counterparty legal names for the CCPs, but several of them
are variations of the same names. Consequently, there is some degree of variation in the

21The evidence pertaining to the role of relationships in affecting zero haircuts adds to the recent U.S. evi-
dence of Baklanova et al. (2019).
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type of collateral accepted by the different CCPs, as some of them explicitly exclude more
risky securities (such as corporate debts, MBS and equities) from the pool of accepted col-
lateral.22 Transactions with CCPs require the maintenance of a margin account on both repo
and reverse-repo transactions, charging an effective haircut on both repo and reverse-repo
transactions to reduce counterparty risk, as well as a contribution to a default fund. Over-
all, in CCP-cleared repos, margin requirements tend to be standardized and generally more
conservative (see Table 13).

In our sample CCP trades are associated with the use of highly-rated government bonds
as collateral (see Table 2). In addition, they consist of a large share of UK government bond
collateral (59% and 86.7% respectively for reverse repo and repo).

In general, CCP repos can use as collateral a specific asset, a portfolio of assets, or a
general collateral from a specific pool of accepted assets. In the latter case there is a potential
element of adverse selection, as banks might decide to use only the ‘unwanted’ assets eligible
for the collateral pool.

While our baseline dataset does not allow us to distinguish between general and specific
collateral transactions, this information is available in the SMMD dataset which focuses on
GBP cash borrowing and lending secured against Treasury bills and government bonds is-
sued by the UK government. For these transactions with CCPs, Figure 6 reports the shares
of repo and reverse repo contracts for which the collateral is identified by a single ISIN
(“Single ISIN”), contracts in which multiple securities are identified by single ISINs (“Mul-
tiple ISIN”), i.e. “portfolio repos,” and finally contracts for which the eligible collateral is
represented by a pool or basket of securities (“Pooled ISIN”).

We observe that specific collateral deals account for the majority of outstanding reverse
repo and repo transactions across the sample. This pattern is more pronounced when re-
porting banks are lending (reverse repo) than when they are borrowing (repo), as the share
of specific collateral transactions ranges respectively between 95.6% and 98.3% for reverse
repo and 91% and 97% for repo. The figure also highlights that transactions against a pool
of collateral account for a larger share of the total when value-weighting the transactions by
their nominal amount.23 This is particularly true when the reporting banks borrow (repo
transactions). Note that these results are likely to provide a lower bound on the importance
of specific collateral transactions in our earlier sample as the introduction of the cleared term
delivery-by-value (DBV) service for sterling general collateral repo trades in late 2013/early

22See Table 3 of Reserve Bank of Australia and Australian Securities and Investments Commission (2015) for
a summary of the collateral types accepted by the main CCPs.

23Transactions against a pool of collateral account for 1.69% to 4.12% of reverse repo and 2.87% to 9.02% of
repo transactions. When the nominal amount of the transaction is used as weight, these shares are respectively
5.21% to 13.4% and 13.0% to 34.9%.
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2014 is likely to have resulted in an increased use of this type of deals.
In unreported regressions we use the entire sample including the CCP deals and re-

run the main regressions. None of the results mentioned above changes significantly, with
one exception. We observe that including CCP transactions attenuates the impact of coun-
terparty concentration on increasing haircuts, suggesting that our reporting banks do not
view concentration of transactions with CCPs as increasing risk. As discussed in Schaffner
et al. (2022) and Ballensiefen et al. (2023), by interposing themselves between borrowers
and lenders CCPs greatly reduce counterparty risk, and apply the same collateral and risk
policies to all CCP members, generating a more homogeneous set of collateral than for our
non-CCP sample (see Panel D of Table 1 and Panel C of Table 2).

In Table 13, we compare CCP versus non-CCP transactions. One immediate observation
is that when our reporting banks transact through CCPs, they earn lower intermediating
spreads, since they are borrowing at a higher average repo haircut via CCPs (at 0.044) than
from non-CCP counterparties (at 0.039), and lending out at a lower average reverse repo
haircut via CCPs (at 0.071) compared to non-CCP counterparties (0.096). Table 13 also shows
that transactions with CCPs are more likely to have zero haircut. Nevertheless, trades with
CCPs offer a significant advantage over non-CCP transactions because CCP trades are netted
and expand banks’ balance sheet less.

To elicit whether the reporting banks are indeed utilizing this netting benefit, we compute
the ratio of total repo and reverse repo positions against a given counterparty from the point
of view of reporting banks in our sample. Table 13 shows that the mean ratio is 1.03 for
CCPs, indicating that the net position with CCPs is close to zero. By comparison, the ratio is
5.77 for non-CCP counterparties, which shows that banks engage in one-directional trades
with such counterparties.

To investigate the role of netting benefits formally we compute a proxy variable capturing
netting opportunities between repo and reverse repo (as in Hempel et al. (2023)):

nettingi,j =
2 × min

󰀓
∑t repoi,j,t , ∑t revrepoi,j,t

󰀔

∑t repoi,j,t + revrepoi,j,t
. (6)

A value closer to 1 is indicative of higher netting benefits and we expect the subsample
of transactions with CCP counterparties to have higher values of the proxy variable. Table
14 shows that the mean of the variable is higher for the subsample of CCP counterparties.
In addition, the distribution is more tilted towards larger values than in the subsample of
non-CCP counterparties. This is also confirmed by a comparison of the distributions of
these measures across the two counterparty types in Figure OA.1 of the Online Appendix,
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although the two subsamples have very different sizes.
We analyze the netting benefit hypothesis formally in Table 15 by reporting tests of dif-

ferences in means between the two subsamples. The null hypothesis is equality of means
against a two-sided alternative in the first two rows, and against the alternative of a larger
mean of the netting proxy for CCP counterparties in the last two rows. In both cases, we
consider a version of the test assuming equal variance in the two subsamples and one ver-
sion where equal variance is not assumed. The results indicate that the mean of the netting
variable is significantly different across the two subsamples, and significantly larger when
CCPs act as counterparties.

Next, we study whether the probability of zero haircuts is statistically different for CCP
trades. To control for collateral-level heterogeneity, we examine whether at the contract
level, the probability of zero repo and reverse repo haircuts is different depending on whether
the bank trades with a CCP or non-CCP counterparty. We run the following linear probabil-
ity model:

Dzero haircut
j = β × Dj,CCP + γ1 × notionalj + γ2 × maturityj + CollateralFE + BankFE + ε j,

(7)

where Dj,CCP takes the value 1 when the counterparty is a CCP.
The results are reported in Table 16. They show that the probability of a zero haircut rises

by about 17% when the reporting banks lend via CCPs relative to lending to non-CCP coun-
terparties, but this probability is lower for transactions with large notional values.24 The
estimates on maturity show that longer-maturity trades are less likely to have zero haircut.
By comparison, for repo trades, whether the counterparty is a CCP or not does not affect the
probability of a zero haircut.

Finally, we investigate the determinants of trading with a CCP. To do so, we run the
following linear probability model:

Dj,CCP = β × determinantsj + BankFE + ε j. (8)

Table 17 shows that the probability of a trade with a CCP is greatly increased (by 40–43%)
when the netting proxy is equal to one – that is, netting benefits seem to be one of the main
drivers of CCP trades.

Additionally, the probability of trading with a CCP in Table 17 increases in the notional

24This might also reflect the possibility that assets of low notional values are packaged in a collateral portfolio
together with those of large notional values to back repo transactions. Therefore, haircuts are assessed on assets
of large notional values to meet the initial margin requirement.
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of the trade, in the collateral rating, and when the transaction is denominated in GBP, EUR
and USD. Instead, the probability decreases for corporate and securitised debt collaterals.25

Furthermore, government bonds used as collateral in trades with CCP counterparties tend
to exhibit higher rehypothecation rates than comparable assets used in trades with non-CCP
counterparties (see Table 4 and Table OA.VII of the Online Appendix).

Overall, we find that transaction with CCPs: (i) are characterized by higher quality col-
lateral; (ii) are incentivized by the netting benefits that they entail for our reporting banks;
(iii) are mostly associated with a specific collateral (at least in the SMMD dataset); (iv) are as-
sociated with a lower intermediation spread for the reporting banks, despite having a higher
probability of zero haircuts; (v) tend to have larger notional amounts.

4.5 The pecking order of collateral choice

So far we have presented evidence that is in line with the predictions of an asymmetric
information view of haircuts. A key ingredient of such models is the existence of informa-
tion frictions between borrowers and lenders. The classical pecking order theory proposed
by Myers (1984) and Myers and Majluf (1984), motivated by the adverse selection friction,
suggests a hierarchical financing strategy. That is, to minimize the costs of borrowing, the
source of capital with the lowest degree of information asymmetry should be used first when
raising funds. In the repo setting this predicts that collateral of the highest quality should be
used first by repo borrowers.

Even though our dataset is based on a single snapshot, we observe trades initiated at
different dates that allow us to test for a pecking order. For instance, for borrowing maturing
at time T, we observe collateral posted in transactions initiated in period T − 1, T − 2 etc.
Hence, we can test whether there is a systematic pattern in the quality of collateral used over
time.

To test the pecking order hypothesis we first compute, for each bank-counterparty pair
(i, j), the weighted average of the collateral quality backing borrowing in month t which will
mature in month T, with T ≥ 2.26 We use the notation CollRatingT

i,j,t to denote this measure.
We then compare this measure with the corresponding average collateral quality backing
new borrowing in the following months (t + 1, t + 2, . . . ) for the same maturity date, denoted

25A caveat of this analysis is that CCPs in our sample period did not experience stress. For an analysis of
CCPs in turbulent times, see Duffie (2014) and Boissel et al. (2017).

26Recall that the numerical classification for collateral quality is on a scale from 1 to 20, with lower values
representing lower collateral quality.
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CollRatingT
i,j,t+k in the following regression:27

CollRatingT
i,j,t+k = β0 × CollRatingT

i,j,t + controls + FEs + εi,j,t+k , ∀k ∈ [1, T − t) (9)

where β0 is the coefficient of interest. If there is no pecking order in the posting of collateral,
we would expect the average collateral quality to be similar at different points in time, hence
we would expect β0 = 1. Instead if, for a given borrowing maturity, higher quality collateral
tends to be posted first, we would expect β0 < 1. We include the borrowing horizon, the
initial amount borrowed and the time difference between the initial and new borrowing (k)
as control variables. We consider different combinations of reporting banks, counterparty
sector and time fixed effects. The standard errors are clustered at the counterparty and time
level in all the cases.

Table 18 shows our estimation results for equation 9.28 In addition, each row of Table
19 reports the 95% confidence interval around the estimate of our coefficient of interest for
the corresponding column. In all specifications, the coefficient estimates are significantly
smaller than one at canonical confidence levels. That is, counterparties of our reporting
banks seem to choose high quality collateral first when borrowing via repo contracts.

Overall, we interpret the findings on a pecking order in collateral selection as evidence
of an information friction channel being at play in the repo market. Nevertheless, in My-
ers (1984) and Myers and Majluf (1984), a pecking order arises due to a very specific form
of information friction: adverse selection. Hence, we now turn to testing for this friction
directly.

In particular, we test whether reporting banks apply different haircuts on their lend-
ing depending on the counterparty type, controlling for other relevant characteristics of the
transaction. That is, we consider the specification:

Haircutj = γ × sophisticated + β × determinantsj + BankFE

+ CollFE + TradeDateFE + RelationshipFE + CurrencyFE + 󰂃j , (10)

where sophisticated is a dummy variable taking a value of 1 if the counterparty is another
reporting bank, broker-dealer, hedge fund or other asset manager. Compared to our baseline
specification, we add collateral and trade date fixed effects to compare the haircuts between

27In the analysis, we focus on the transactions reported during 2012, where most of the observations are
concentrated. We aggregate the transactions taking place within the same month between a bank-counterparty
pair to compute the variables entering our regression. Setting t = 1 in January 2012, we have k ∈ [1, 11] and
T > k.

28The final sample contains 327 observations between 81 unique clients and the 6 reporting banks.
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two transactions on the same trade date with the same reporting bank and backed by the same
collateral. We therefore expect the parameter γ to capture the additional haircut applied by
the reporting bank as a buffer against potential information advantage and/or unobservable
risk-taking of more sophisticated counterparties, controlling for other relevant determinants
of the transaction and of the counterparty risk profile.

Regression results are reported in Table 20. The first 2 columns include only the sophis-
tication dummy as regressor and show that more sophisticated counterparties are charged
between 2.4 and 3.5 pp higher haircuts for borrowing backed by the same collateral, ob-
tained from the same bank on the same trade date. The addition of the relationship fixed
effects in the second column does not impact the result, and increases the magnitude of the
estimate. The last column confirms that the sophistication dummy remains significant when
considered jointly with the other explanatory variables. This implies that the data supports
the adverse selection channel as a driver of haircuts.

4.6 The link between repo interest rates and haircuts

Despite its richness in terms of repo deal information, our baseline dataset does not con-
tain the repo rates applied to the individual contracts. This is potentially problematic since
demanding higher haircuts could be to some extent a substitute for offering lower interest
rates. To check whether this issue might be at play, we complement our analysis with the
Bank of England Sterling Money Market daily (SMMD) dataset. The SMMD data contains
transaction-level information, including haircuts and deal rates, for which GBP denomi-
nated repos are secured against UK government bills and bonds (nominal and index-linked
Gilts). Hence, in this dataset, we have no rating heterogeneity but the collateral quality is
captured by its maturity, whether it is inflation linked or not, since the two market segments
have quite different liquidity, and VaR of the asset.

In Table 21 we regress haircuts on these collateral quality proxies, deal characteristics,
and importantly the rate spread relative to the central bank base rate. In a naÃ¯ve regression
of haircuts on only the deal rate in columns (1) and (2), we do indeed find a statistically sig-
nificant link between the two variables (albeit the sign is the opposite of what a substitutabil-
ity between the two would predict). Nevertheless, the simple addition of counterparty fixed
effects, in column (3), or just controlling for the quality of the collateral, in columns (4) to (6)
with or without fixed effects, make the rate irrelevant in explaining haircuts. Furthermore,
when controlling for time fixed effects – hence for the overall credit condition on a given
date – the coefficient associated with the repo rate is not only statistically indistinguishable
from, but also very close to, zero.
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This finding could prima facie look surprising, but it is in line with several findings in
the existing literature. For example, Eisenschmidt et al. (2024) (see table 3 therein) find no
statistical association between rates and haircuts in the Money Market Statistical Reporting
(MMSR) European repo dataset from the ECB. In the same vein, in Hempel et al. (2023)
the average repo rates across collateral categories do not appear to be statistically different
(see Figure 5 therein). On the contrary, Weymuller (2013), using tri-party repo transactions
of one large U.S. money market fund over the 2006-2012 period, finds (in an untabulated
regression) a statistically significant link between rates and haircuts. However, his speci-
fication has a very limited set of controls compared to our analysis, and that might drive
his finding (as in columns (1) and (2) of Table 21, where we omit salient control variables).
But obviously, since the SMMD database is characterized by overall less risky collateral than
our baseline dataset, it is still conceivable that riskier asset classes might have both greater
haircuts and higher rates.

This finding suggests that haircuts and repo rates have different drivers. A potential ex-
planation is that repo rates are determined by the market makers to clear aggregate demand
and supply of funds, while haircuts instead are determined at the contract level based on
risk considerations. This explanation is in line with anecdotal evidence we have collected
interviewing directly the credit officers and market makers of the repo desks at the report-
ing banks in our baseline dataset. The reason for this pooling of collateral (with different
haircuts) in the determination of the overall repo rate is driven by liquidity considerations
in market practice, as it would be costly to clear demand and supply of funds in collateral-
and counterparty-specific markets.29

Hence, the absence of an empirical link between rates and haircuts of repo contracts
alleviates concerns of our baseline analysis being affected by an omitted variable due to
excluding repo rates.

5 Conclusion

In this study, we analyze the structure of the UK bilateral repo market using a unique
transaction-level dataset. We uncover features of the repo market in the UK that are distinct
from the U.S. market. In this unique setting, we examine how banks intermediate liquidity
among different counterparties via repo trades and how they use CCPs to borrow and lend
against higher quality collateral and exploit netting benefits.

We examine the characteristics of contract terms including maturity structure, collateral

29Note also that in tri-party repo markets haircuts are actually fixed in the custodian agreements, that are
revised infrequently, while the rates are determined at higher frequency to clear demand and supply of funds.
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and counterparty types associated with these trades and test various economic mechanisms
that can affect the amount of repo liquidity provided via haircuts. Besides asset quality
and liquidity, we find that quality and sophistication of borrowing counterparties matter in
haircut determination. We do not find that lenders’ liquidity position or default probabil-
ities affect the size of haircuts. Furthermore, we observe a pecking order in the posting of
collateral, with the higher quality ones used first when borrowing.
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Figures

Figure 1: Currency vs. maturity of the contracts
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The area of each rectangle represents the fraction of contracts (in terms of frequency, not notional values) within
a particular maturity-currency group. The area of the entire square is 100%.

Figure 2: Distribution of haircuts

The figure shows the density of haircuts for both Repo and Reverse Repo contracts.
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Figure 3: Maturity distribution of zero-haircut deals

(a) Reverse Repo (b) Repo

Number of zero-haircut contracts for each maturity in the zero-haircut subsample.

Figure 4: Zero-haircut network
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The size of each node reflects the number of counterparties with which it has at least one zero-haircut deal.
Edge width is increasing in the total number of zero-haircut trades between two given nodes. A, B, D, E, F, and
G denote the six reporting banks, and nodes labeled with C and numeric denote their counterparties.
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Figure 5: Significant relationship fixed effects
REVR market
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Network graph implied by the statistically significant, at the 5% (one sided) level, relationship fixed effects
for reverse repo (panel (a)) and repo (panel (b)) contracts. Estimates based on the regressions from columns 5
(reverse repo) and 10 (repo) of Table 8. A relationship is defined as having at least 10 bilateral transactions. Red
(blue) arrows denote negative (positive) fixed effects while their direction represents the lending flow. Node
sizes are proportional to the number of bilateral relationship fixed effects involving the given node. Edge width
is increasing in the absolute magnitude of the estimate. A, B, D, E, F, and G denote the six reporting banks, and
nodes labeled with C and numeric denote their counterparties.
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Figure 6: Breakdown of transaction types for trades with CCP counterparties.
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(b) Value-weighted share of transactions

This figure shows the monthly average shares of daily outstanding reverse repo (upper panels) and repo trans-
actions (lower panels) between the reporting banks and CCPs by collateral categories. Left panels report raw
shares while right panels report the corresponding value-weighted values. “Single ISIN” corresponds to trans-
actions for which the security used for collateral can be identified by a single ISIN code. “Multiple ISIN” cor-
responds to transactions for which the securities used as collateral can all be identified by single ISIN codes.
“Pooled ISIN” corresponds to transactions for which the eligible collateral is represented by a pool or basket of
securities. Each category is expressed as a percentage of the monthly average total of outstanding transactions.
The sample period ranges from 2016 to 2019.
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Table 1: Breakdown of value of contracts (in bn GBP)

REVR REPO

Value Percent Value Percent Net

A. Maturity

Overnight 29.7 12.2% -38.1 14.3% -8.5
1 day-3m 140.7 57.6% -130.7 48.9% 10.0
3m-1y 65.8 26.9% -78.1 29.2% -12.3
1y-5y 8.0 3.3% -18.5 6.9% -10.5
5y+ 0.0 0.0% -1.7 0.6% -1.6

Total 244.2 100.0% -267.0 100.0% -22.8

B. Currency

GBP 110.2 45.1% -149.8 56.1% -39.6
EUR 90.6 37.1% -86.7 32.5% 4.0
USD 30.5 12.5% -26.8 10.0% 3.7
JPY 6.0 2.5% -1.6 0.6% 4.4
Other 6.9 2.8% -2.1 0.8% 4.8

Total 244.2 100.0% -267.0 100.0% -22.8

C. Counterparty type

Another reporting bank a 8.2 3.4% -10.2 3.8% -2.0
Other banks 29.3 12.0% -43.6 16.3% -14.3
Broker-dealer b 15.0 6.1% -15.8 5.9% -0.8
Hedge fund 15.1 6.2% -15.5 5.8% -0.4
MMFs 0.0 0.0% -1.9 0.7% -1.9
Other asset managers c 11.5 4.7% -8.3 3.1% 3.2
CCP 145.5 59.6% -131.3 49.3% 14.2
Insurance and pension 9.5 3.9% -8.5 3.2% 1.0
Central bank and government 5.5 2.3% -28.6 10.7% -23.0
Other d 4.4 1.8% -2.8 1.0% 1.6

Total 244.1 100.0% -266.6 100.0% -22.5

D. Collateral type

US govt 10.9 6.0% -5.4 2.9% 5.5
UK govt 83.1 45.8% -111.7 59.1% -28.6
Germany govt 25.5 14.0% -19.1 10.1% 6.4
France govt 16.9 9.3% -7.2 3.8% 9.7
GIIPS e 4.1 2.2% -4.4 2.3% -0.3
Other sovereign 31.6 17.4% -16.0 8.4% 15.7
Corporate debt 7.5 4.1% -11.7 6.2% -4.2
Securitisation 2.0 1.1% -13.5 7.1% -11.5
Other 0.0 0.0% 0.0 0.0% 0.0

Total 181.6 100.0% -188.9 100.0% -7.3

Breakdown of deals by maturity, currency, counterparty, and collateral (Panels A, B, C, and D respectively). Value of the trades is in
billion (bn) GBP. The total values in Panels A, B, C and D are based on data from six reporting banks that report haircut and collateral
information. Discrepancies in row Total are due to missing information.
a The reporting banks report on a UK-consolidated basis, but counterparties are reported on a global basis. Therefore, there may be
discrepancies between the reverse repos and repos with the reporting banks. b Broker-dealers are mostly securities firms that are
subsidiaries of large banks. c Non-leveraged non-MMF mutual funds—asset managers that are not hedge fund or MMF. d Includes
corporations, schools, hospitals and other non-profit organizations. e Greece, Italy, Ireland, Portugal, and Spain government bonds.
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Table 2: Breakdown of value of contracts with CCPs (in bn GBP)

REVR REPO

Value Percent Value Percent Net

A. Maturity

Overnight 5.5 3.9% -5.1 3.9% 0.4
1 day-3m 88.0 62.1% -71.7 54.6% 16.3
3m-1y 42.2 29.8% -50.5 38.4% -8.3
1y-5y 6.0 4.2% -4.0 3.1% 2.0

Total 141.7 100.0% -131.3 100.0% 10.4

B. Currency

GBP 80.2 56.6% -108.5 82.6% -28.3
EUR 59.2 41.8% -21.3 16.2% 37.9
USD 2.4 1.7% -1.5 1.1% 0.9
Other 0.0 0.0% 0.0 0.0% 0.0

Total 141.7 100.00% -131.3 100.00% 10.4

C. Collateral type

UK govt 65.5 59.0% -93.8 86.7% -28.3
Germany govt 20.1 18.1% -6.2 5.7% 13.9
France govt 12.1 10.9% -2.5 2.3% 9.6
GIIPS a 0.2 0.2% -0.5 0.5% -0.3
Other sovereign 12.7 11.4% -5.2 4.8% 7.5
Corporate debt 0.5 0.5% 0.0 0.0% 0.5
Securitisation 0.1 0.0% 0.0 0.0% 0.0

Total 111.1 100.0% -108.2 100.0% 2.8

Breakdown of the deals involving CCPs by maturity, currency, and collateral type (Panels A, B, C respectively). Value of the trades is
in bn GBP. Total values in Panels A, B and C are based on data from six reporting banks that report haircut and collateral information.
Discrepancies in row Total are due to missing information.
a Greece, Italy, Ireland, Portugal, and Spain government bonds.
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Table 3: Breakdown of value of contracts by collateral type (in bn GBP)

Gov ≥AA Gov <AA Other

REVR REPO REVR REPO REVR REPO

Value % Value % Net Value % Value % Net Value % Value % Net
A. Maturity
o/n 9.3 5.9% -14.4 9.2% -5.1 3.1 22.6% -2.7 39.4% 0.4 4.8 50.3% -7.9 30.5% -3.1
<3m 92.2 58.4% -81.9 52.4% 10.3 7.4 53.2% -3.8 54.5% 3.6 3.4 35.4% -0.9 3.3% 2.5
3m-1y 50.3 31.8% -53.9 34.4% -3.6 3.0 21.7% -0.4 5.8% 2.6 1.4 14.4% -4.9 18.9% -3.5
1y-5y 6.1 3.9% -6.0 3.8% 0.2 0.3 2.3% -0.0 0.3% 0.3 0.0 0.0% -10.9 42.2% -10.9
5y+ 0.0 0.0% -0.2 0.1% -0.2 0.0 0.2% 0.0 0.0% 0.0 0.0 0.0% -1.3 5.2% -1.3

Total 158.0 100.0% -156.4 100.0% 1.6 13.9 100.0% -6.9 100.0% 6.9 9.5 100.0% -25.9 100.0% -16.4
B. Currency
GBP 83.4 52.8% -111.8 71.5% -28.4 0.0 0.1% -0.0 0.0% -0.0 0.9 9.8% -5.6 21.8% -4.7
EUR 55.7 35.2% -32.6 20.8% 23.1 3.9 28.2% -3.6 51.0% 0.4 3.3 34.6% -11.7 45.2% -8.4
USD 15.4 9.7% -11.2 7.1% 4.2 6.5 46.8% -2.6 38.0% 3.9 5.3 55.5% -8.1 31.2% -2.8
JPY 1.8 1.1% -0.2 0.1% 1.6 2.2 15.7% -0.8 11.0% 1.4 0.0 0.0% -0.0 0.2% -0.0
Other 1.7 1.1% -0.7 0.4% 1.1 1.3 9.2% 0.0 0.0% 1.3 0.0 0.1% -0.4 1.6% -0.4

Total 158.0 100.0% -156.4 100.0% 1.6 13.9 100.0% -6.9 100.0% 6.9 9.5 100.0% -25.9 100.0% -16.4
C. Counterparty
Another reporting banka 4.6 2.9% -1.0 0.6% 3.6 1.7 12.3% -0.2 3.4% 1.5 1.0 10.9% -3.8 14.6% -2.7
Other banks 9.9 6.3% -14.4 9.2% -4.5 5.0 35.9% -2.0 29.0% 3.0 2.3 23.8% -9.8 37.6% -7.5
Broker-Dealersb 5.2 3.3% -2.9 1.9% 2.2 2.0 14.3% -0.8 11.9% 1.2 2.1 21.8% -6.3 24.4% -4.3
Hedge Fund 2.2 1.4% -5.6 3.6% -3.3 3.0 21.8% -1.9 27.1% 1.1 1.7 17.7% -0.7 2.6% 1.0
MMFs 0.0 0.0% -1.9 1.2% -1.9 0.0 0.0% 0.0 0.0% 0.0 0.0 0.0% -0.0 0.0% -0.0
Other Asset Managersc 9.1 5.8% -4.6 3.0% 4.4 0.4 2.6% -0.2 3.1% 0.1 0.5 4.8% -1.6 6.2% -1.1
CCP 110.4 69.9% -107.4 68.6% 3.0 0.1 0.8% -0.5 6.6% -0.4 0.6 5.9% -0.0 0.1% 0.5
Insurance and Pension 5.4 3.4% -1.8 1.1% 3.6 0.0 0.0% -0.0 0.7% -0.0 0.7 7.6% -3.1 11.9% -2.4
Central Bank and Government 4.2 2.7% -15.4 9.8% -11.2 1.3 9.0% -1.2 16.6% 0.1 0.1 0.8% -0.6 2.5% -0.6
Otherd 6.9 4.4% -1.4 0.9% 5.5 0.5 3.3% -0.1 1.7% 0.3 0.6 6.7% -0.0 0.1% 0.6

Total 158.0 100.0% -156.4 100.0% 1.6 13.9 100.0% -6.9 100.0% 6.9 9.5 100.0% -25.9 100.0% -16.4

Breakdown for different collateral types of Repo and Reverse Repo deals by maturity, currency, and counterparty (Panels A, B, C re-
spectively). Total values in Panels A, B and C are based on data from six reporting banks that report haircut and collateral information.
Discrepancies in row Total are due to missing information.
a The reporting banks report on a UK-consolidated basis, but counterparties are reported on a global basis. Therefore, there may be dis-
crepancies between the reverse repos and repos with the reporting banks.
b Broker-dealers are mostly securities firms that are subsidiaries of large banks.
c Non-leveraged non-MMF mutual funds—asset managers that are not hedge fund or MMF.
d Includes corporations, schools, hospitals and other non-profit organizations.

Table 4: Rehypothecation Rate of Assets

<5Y 5-10Y 10-20Y >20Y
Gov ≥ AA 33.4% 47.9% 61.6% 26.3%
Gov < AA 30.5% 17.5% 26.4% 19.3%
Other 27.7% 23.9% 16.6% 8.9%

Rehypothecation rates computed at the CUSIP/ISIN-level as the total amount of collateral asset posted (via repo) divided by the total
amount received (via reverse repo).
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Table 5: Breakdown of haircuts for the non-CCP subsample

Average Zero haircut
haircut % of notional

REVR REPO REVR REPO

A. Maturity

Overnight 1.9% 0.7% 42.2% 78.9%
1 day-3m 3.2% 1.4% 47.5% 15.0%
3m-1y 0.6% 0.5% 10.3% 5.3%
1-5y 0.0% 0.7% 0.0% 0.8%
5y+ 0.0% 0.0% 0.0% 0.0%

B. Currency

GBP 1.4% 0.8% 35.9 % 9.0 %
EUR 1.5% 1.4% 31.7 % 50.7 %
USD 2.6% 0.9% 24.4 % 36.1 %
JPY 0.1% 0.0% 4.2 % 2.1 %
Other 0.2% 0.1% 3.8 % 2.1 %

C. Counterparty type

Another reporting bank a 0.1% 0.2% 4.3 % 4.8 %
Other banks 1.9% 1.4% 41.7 % 62.5 %
Broker-dealer b 0.9% 0.6% 8.3 % 10.2 %
Hedge fund 1.4% 0.1% 1.4 % 0.0 %
Other asset managers c 1.0% 0.1% 10.5 % 13.3 %
Insurance and pension 0.3% 0.5% 15.6 % 1.2 %
Central bank and government 0.0% 0.3% 6.6 % 7.3 %
Other d 0.3% 0.0% 11.5 % 0.8 %

D. Collateral type

US govt 0.4% 0.0% 6.0 % 0.3 %
UK govt 1.0% 0.4% 24.5 % 1.5 %
Germany govt 0.1% 0.1% 8.7 % 17.3 %
France govt 0.1% 0.1% 3.4 % 7.9 %
GIIPS e 0.2% 0.1% 1.1 % 2.1 %
Other sovereign 1.1% 0.2% 19.2 % 30.4 %
Corporate debt 1.1% 0.6% 36.8 % 30.7 %
Securitisation 0.5% 0.8% 0.3 % 9.8 %
Other 0.0% – 0.0% –

Overall average 1.2% 0.7%

The table presents the breakdown of the deals by maturity, currency, counterparty type, and collateral type
(Panels A, B, C, and D, respectively). For each category, it shows the average haircut (columns 2 and 3), as well
as the distribution of zero haircut deals (columns 4 and 5), for the reverse repos and repos, respectively. The
averages are weighted by the gross notional of the transactions. The haircuts are based on the data from the
six banks that report haircut and collateral information (excluding deals with CCPs).
a The reporting banks report on a UK-consolidated basis, but counterparties are reported on a global basis.
Therefore, there may be discrepancies between the reverse repos and repos with the reporting banks.
b Broker-dealers are mostly securities firms that are subsidiaries of large banks. c Non-leveraged non-MMF
mutual funds—asset managers that are not hedge fund or MMF. d Includes corporations, schools, hospitals
and other non-profit organizations. e Greece, Italy, Ireland, Portugal, and Spain government bonds.
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Table 6: Summary statistics for the sample excluding
deals with CCPs

Variable Obs Mean Std dev Min Max Average a

A. REVR

Haircut 8754 6.25% 10.13% 0.00% 46.15% 6.15%
Notional 10435 6.25 0.86 3.45 8.32 6.25
Maturity 10435 0.07 0.14 0.00 3.00 0.06
Collateral maturity 7085 11.88 10.42 0.22 43.18 12.01
Collateral rating 5729 14.54 4.83 3.00 20.00 14.60
Ctpy size 6512 5.17 0.70 3.57 6.25 5.16
Ctpy RoA 6506 0.29 0.41 -1.26 1.98 0.29
Ctpy leverage 6469 5.56 1.33 2.97 11.00 5.56
Ctpy CDS 5593 0.01 0.01 0.01 0.04 0.01
Ctpy cash ratio 6484 -0.01 5.48 -81.44 4.37 -0.03
Ctpy rating 6495 14.59 1.28 8.00 20.00 14.60
VaR 5875 1.89 1.31 0 7.01 1.87

B. REPO

Haircut 7386 2.37% 5.82% 0.00% 46.15% 2.36%
Notional 11896 6.18 0.79 3.45 8.32 6.21
Maturity 11905 0.08 0.35 0.00 3.00 0.08
Collateral maturity 8993 7.50 7.81 0.22 43.18 7.50
Collateral rating 8629 14.34 4.99 3.00 20.00 14.33
Ctpy size 8380 5.37 0.62 3.57 6.25 5.37
Ctpy RoA 8367 0.36 0.39 -1.26 1.98 0.36
Ctpy leverage 7300 5.87 1.42 2.97 11.00 5.86
Ctpy CDS 5908 0.02 0.01 0.01 0.04 0.02
Ctpy cash ratio 8160 0.01 6.63 -81.44 4.37 0.01
Ctpy rating 8445 15.19 1.94 8.00 20.00 15.19
VaR 5579 1.74 1.2 0 7.01 1.74

The table shows the summary statistics of variables used in the regressions exclud-
ing the deals with CCPs, for repo and reverse repo transactions. The sample only
includes the six banks that provided data on haircuts and collateral. Variables have
been winsorized at 0.5% level. Rating scale is 1–20, with 20 being the highest rating.
a Average is weighted by the gross notional of transactions.
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Table 7: Summary statistics by collateral type (excluding deals with CCPs)

Gov ≥ AA Gov < AA Other

Variable Obs Mean Sd Min Max Av Obs Mean Sd Min Max Av Obs Mean Sd Min Max Av
A. REVR
haircut 1344 4.14% 7.86% 0.00% 39.57% 4.30% 640 9.52% 13.67% 0.00% 47.35% 9.58% 2878 7.92% 13.07% 0.00% 47.47% 7.88%
notional 1432 6.99 0.72 4.11 8.44 7.06 975 6.66 0.74 3.96 7.98 6.74 3558 6.01 0.54 4.16 7.81 6.06
maturity 1432 0.15 0.20 0.00 1.01 0.16 975 0.09 0.16 0.00 1.02 0.09 3558 0.04 0.11 0.00 1.50 0.04
collmaturity 1432 12.36 11.89 0.25 47.40 12.46 975 9.80 7.60 0.20 31.40 9.77 3479 9.66 9.74 0.21 40.07 9.64
collrating 1432 19.78 0.57 18.00 20.00 19.78 975 11.18 4.05 3.00 17.00 11.20 3322 13.26 4.30 4.00 20.00 13.30
cptysize 661 5.44 0.71 3.57 6.24 5.43 599 5.51 0.59 3.55 6.21 5.52 2094 5.30 0.62 3.57 6.24 5.30
cptyroa 657 0.35 0.49 -0.42 4.33 0.36 589 0.31 0.52 -1.26 1.98 0.32 2108 0.15 0.32 -1.21 1.55 0.15
cptyleverage 651 5.67 1.14 2.97 8.40 5.70 586 6.13 1.42 3.19 11.00 6.15 2093 5.37 1.33 3.19 9.42 5.40
cptycds 539 0.02 0.01 0.01 0.04 0.02 455 0.02 0.01 0.01 0.04 0.02 1826 0.01 0.00 0.01 0.04 0.01
cptycashratio 655 0.45 0.84 0.03 12.60 0.45 589 -0.49 9.75 -99.11 4.83 -0.55 2098 0.36 0.46 0.01 4.59 0.36
cptyrating 659 14.67 1.14 11.00 20.00 14.68 595 14.13 1.80 9.14 20.00 14.10 2094 14.57 1.10 9.00 20.00 14.56
VaR 1422 1.98 1.57 0.02 6.55 1.99 955 1.94 1.04 0.07 5.51 1.92 3207 1.86 1.28 0.00 7.92 1.86
B. REPO
haircut 1651 1.25% 5.30% 0.00% 39.57% 1.41% 494 1.83% 5.14% 0.00% 46.50% 1.96% 3317 2.52% 6.54% 0.00% 47.47% 2.73%
notional 1891 6.51 0.94 4.11 8.44 6.65 1239 6.19 0.72 3.96 7.98 6.27 5838 5.96 0.59 4.16 7.89 6.02
maturity 1891 0.06 0.18 0.00 1.01 0.07 1240 0.03 0.09 0.00 1.02 0.03 5839 0.11 0.49 0.00 3.65 0.12
collmaturity 1891 7.19 7.31 0.25 47.40 7.43 1240 9.76 8.23 0.20 31.40 9.75 5692 6.99 7.58 0.21 40.07 6.98
collrating 1891 19.75 0.60 18.00 20.00 19.77 1240 11.21 4.33 3.00 17.00 11.26 5498 13.18 4.59 4.00 20.00 13.24
cptysize 1232 5.32 0.63 3.57 6.24 5.33 833 5.39 0.55 3.57 6.21 5.39 4212 5.45 0.54 3.57 6.25 5.45
cptyroa 1232 0.45 0.81 -0.42 8.23 0.46 833 0.37 0.40 -1.26 1.98 0.37 4203 0.33 0.35 -1.21 1.55 0.33
cptyleverage 1029 5.65 1.49 2.97 8.40 5.69 758 5.62 1.28 3.19 11.00 5.64 3490 5.89 1.47 3.19 9.42 5.90
cptycds 670 0.02 0.01 0.01 0.04 0.02 671 0.02 0.01 0.01 0.04 0.02 2780 0.02 0.01 0.01 0.04 0.02
cptycashratio 1181 0.75 1.49 0.03 12.60 0.76 818 -0.04 6.99 -99.11 5.69 -0.06 4103 0.63 0.89 0.01 4.59 0.62
cptyrating 1234 15.49 2.02 11.00 20.00 15.38 834 14.94 1.80 9.14 20.00 14.90 4277 15.48 1.91 9.00 20.00 15.45
VaR 1221 1.47 1.09 0.02 6.25 1.50 928 2.09 1.12 0.07 5.51 2.09 3313 1.75 1.22 0.00 7.92 1.74

The table shows the summary statistics of variables used in the regressions excluding the deals with CCPs, for repo and reverse repo
transactions across the subsamples of a) government securities with AA+ and above rating, b) government securities with ratings smaller
or equal to A, and c) other securities. Variables have been winsorized at 0.5% level for each category of collateral. Rating scale is 1–20,
with 20 being the highest rating. Average is weighted by the gross notional of transactions.
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Table 8: The drivers of haircuts (excluding deals with CCPs)

Reverse Repo Repo

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Deal vars:
notional -0.013∗∗ -0.002 -0.002 -0.004 -0.003 0.003 0.002 0.001 0.001 0.001
maturity 0.070∗∗ 0.072∗∗ 0.066∗∗ 0.041 0.054∗ 0.029∗∗ 0.031∗∗∗ 0.033∗∗∗ 0.034∗∗∗ 0.035∗∗∗

Collateral vars:
collrating -0.009∗∗∗ -0.008∗∗∗ -0.007∗∗∗ -0.012∗∗∗ -0.000 -0.001 -0.001 0.000
collmaturity 0.000 0.000 0.000 0.004 0.002∗ 0.002 0.002 0.002∗

securitisation 0.017 0.029∗ 0.023 0.019 -0.000 0.001 0.001 0.002
VaR 0.006∗ 0.005∗ 0.006∗∗ 0.005∗∗ 0.011∗∗ 0.010∗∗ 0.010∗∗ 0.010∗∗

asset in safe portf -0.004 -0.006∗ -0.005∗ -0.006∗ 0.002 0.001 0.002 0.002
Cpty type:
brokerdealers -0.017 -0.003 0.004 0.002 0.004 0.005
hedgefund 0.114∗∗∗ 0.085∗∗∗ 0.072∗∗ 0.003 0.008 0.013
otherassetmanagers 0.035∗ 0.026 0.024 0.011 0.016 0.014
insurance&pension 0.006 -0.021 -0.003 0.001 0.004 -0.000
centralbank&government -0.007 -0.006 0.009 0.048∗∗ 0.053∗∗∗ 0.049∗∗

other 0.083∗ 0.055 0.044 0.003 0.003 0.000
Cpty vars:
cptysize -0.141∗∗ -0.158∗∗ 0.039 0.029
cptyroa -0.012∗ -0.011∗ -0.005∗ -0.003
cptyrating -0.003 -0.017∗∗∗ 0.003 0.006∗

cptyleverage 0.081∗∗∗ 0.077∗∗∗ 0.011 0.005
cptycds 0.005 0.000 0.001 0.001
cptycashratio 0.011 0.016∗∗ -0.001 -0.001
nocptydata -0.137 -0.238∗ 0.143∗ 0.120∗

Misc:
cptycon 0.009 0.009∗∗

collcon 0.007∗∗ 0.005∗∗

cptyandcollrating 0.001∗∗∗ -0.000∗

N 3907 3907 3907 3907 3907 2915 2915 2915 2915 2915
R2

adj 0.539 0.606 0.634 0.645 0.669 0.511 0.521 0.526 0.527 0.532

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
OLS regressions (equation (3)) for reverse repo, columns (1)-(5), and repo, columns (6)-(10), excluding deals with CCPs. The dependent variable
is haircut and explanatory variables are listed in the first column. All quantitative variables (notional, maturity, collmaturity, VaR, cptysize,
cptyroa, cptyleverage, cptycds, cptycashratio, cptycon, collcon) are standardized. All regressions include bank, relationship, and currency fixed
effects. Standard errors are clustered at the counterparty level.
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Table 9: Reverse repo haircut drivers by collateral type (excluding deals with CCPs)

Gov ≥AA (γ, baseline effect) Gov <AA (β1, marginal effect) Other (β2, marginal effect)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15)

Deal vars:
notional -0.007 -0.010∗∗ -0.005 -0.008∗∗ -0.005 0.020 0.027∗∗ 0.018 0.015 0.018∗ -0.007 0.004 0.0006 0.002 -0.002
maturity 0.121∗∗∗ 0.076∗∗∗ 0.053∗∗ 0.046∗ 0.056∗∗ -0.087 -0.009 0.041 0.002 -0.018 -0.123∗∗ -0.043 -0.015 -0.059 -0.056

Collateral vars:
collrating 0.002 0.003 0.007 0.006 -0.019∗ -0.023∗∗∗ -0.026∗∗∗ -0.030∗∗∗ -0.010 -0.006 -0.009∗ -0.010
collmaturity 0.003 0.005 0.004 0.006 -0.006 -0.012 -0.011 -0.012 -0.010 -0.009 -0.007 -0.008
VaR 0.022∗∗ 0.024∗∗ 0.025∗∗ 0.022∗∗ -0.021∗∗ -0.023∗∗ -0.022∗∗ -0.023∗∗ -0.007 -0.017 -0.018 -0.016
asset in safe portf -0.009∗∗ -0.005 -0.004 -0.005 -0.016 -0.019∗ -0.020∗ -0.015 0.011∗∗ 0.002 0.001 0.001

Cpty type:
brokerdealers -0.023 -0.010 -0.011 -0.030∗ -0.051∗∗ -0.018 0.034∗ 0.029 0.027
hedgefund -0.047∗∗∗ -0.061∗∗∗ -0.063∗∗∗ 0.076∗∗∗ 0.050 0.049 0.281∗∗∗ 0.256∗∗∗ 0.245∗∗∗

otherassetmanagers 0.013 0.020 0.017 -0.100∗∗ -0.146∗∗∗ -0.146∗∗ 0.056 0.015 0.010
insurance&pension -0.034∗ -0.044∗∗ -0.050∗∗∗ 0.258∗∗∗ 0.222∗∗∗ 0.202∗∗∗ 0.035∗∗∗ 0.011 0.017
centralbank&government -0.023 -0.021 -0.026 0.045∗ 0.219∗∗∗ 0.138∗∗∗ 0.009 0.024 0.034
other 0.078 0.065 0.056 0.035 0.002 0.009 0.070∗ 0.046 0.043

Cpty vars:
cptysize -0.153∗∗ -0.110∗ 0.026 -0.065 -0.009 -0.050
cptyroa -0.011∗ -0.009∗ 0.002 0.013 -0.001 -0.004
cptyrating -0.002 0.011 -0.014 -0.044∗∗∗ 0.001 -0.018
cptyleverage 0.070∗∗∗ 0.046∗ -0.067 -0.011 -0.014 0.010
cptycds -0.003 -0.002 0.012 0.000 0.011 0.009
cptycashratio 0.016∗ 0.017∗ 0.005 -0.002 -0.012 -0.010
nocptydata -0.218 -0.158 -0.220 -0.324∗∗ 0.033 -0.077

Misc:
cptycon 0.009 0.020∗∗∗ -0.002
collcon 0.002 0.020 0.110∗

cptyandcollrating -0.0006 0.002∗∗∗ 0.0008

N 3,907 3,907 3,907 3,907 3,907
R2

adj 0.554 0.628 0.717 0.728 0.740
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

OLS regressions for the reverse repo subsamples excluding deals with CCPs (equation (4)). The dependent variable is haircut and explana-
tory variables are listed in the first column. Columns (1)-(5) capture the baseline—corresponding to highly-rated government securities—
effects, while columns (6)-(10) and (11)-(15) capture the marginal effects, respectively, of lower-rated government securities and other
collaterals. All quantitative variables (notional, maturity, collmaturity, VaR, cptysize, cptyroa, cptyleverage, cptycds, cptycashratio, cpty-
con, collcon) are standardized. All regressions include bank, relationship, and currency fixed effects. Standard errors are clustered at the
counterparty level.
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Table 10: Repo haircut drivers by collateral type (excluding deals with CCPs)

Gov ≥AA (γ, baseline effect) Gov <AA (β1, marginal effect) Other (β2, marginal effect)

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15)

Deal vars:
notional 0.003∗∗ 0.001 0.000 -0.0001 -0.001 0.002 0.006 0.006 0.007 0.011∗ -0.0009 -0.0003 0.001 0.002 0.004
maturity 0.007 0.001 -0.0007 -0.006 -0.005 0.049 0.051 0.074 0.071 0.037 0.025 0.033 0.032 0.042∗ 0.042∗

Collateral vars:
collrating 0.002 0.002 0.002 0.000 -0.001 -0.002 -0.001 0.006 -0.003∗∗ -0.003∗∗ -0.003∗ 0.0001
collmaturity 0.006 0.004 0.004 0.004 -0.008 -0.008 -0.008 -0.009 -0.003 -0.0008 -0.0007 -0.0002
VaR 0.009 0.012 0.012 0.012 -0.024 -0.022 -0.023 -0.015 0.004 0.002 0.002 0.002
asset in safe portf -0.002 -0.002 -0.001 -0.001 0.002 0.0006 -0.002 0.003 0.005 0.004 0.004 0.004

Cpty type:
brokerdealers -0.0002 0.005 0.003 0.007 -0.002 -0.002 0.004 0.003 0.006
hedgefund 0.002 0.000 0.012 0.000 0.000 0.000 0.000 0.000 0.000
otherassetmanagers 0.006 0.014 0.010 -0.005 -0.027 -0.016 0.011 0.011 0.014
insurance&pension -0.008 -0.002 -0.006 -0.037 -0.038∗ -0.009 0.000 0.000 0.000
centralbank&government 0.047∗∗ 0.054∗∗ 0.051∗∗ -0.006 -0.013 -0.026 0.007 0.004 0.001
other -0.008 -0.005 -0.011 0.000 -0.005 -0.007 0.029 0.024 0.023

Cpty vars:
cptysize 0.006 -0.026 0.057 0.087∗ 0.032 0.052
cptyroa -0.009∗∗ -0.009∗∗ 0.015∗∗ 0.016∗∗ 0.004 0.005
cptyrating 0.002 -0.008 0.000 0.015 -0.004 0.011
cptyleverage 0.056∗∗ 0.050∗ -0.063 -0.068∗ -0.057∗ -0.061∗∗

cptycds 0.006 0.005 -0.003 -0.003 -0.013 -0.009
cptycashratio -0.007 -0.008 -0.005 0.004 0.009 0.008
nocptydata 0.159 0.088 0.016 0.019 -0.134 -0.064

Misc:
cptycon 0.008 0.016∗ 0.001
collcon 0.003 -0.003 0.013
cptyandcollrating 0.001 -0.001∗∗ -0.001∗

N 2,915 2,915 2,915 2,915 2,915
R2

adj 0.512 0.534 0.539 0.542 0.551
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

OLS regressions for repo subsamples excluding deals with CCPs (equation (4)). The dependent variable is haircut and explanatory vari-
ables are listed in the first column. Columns (1)-(5) capture the baseline—corresponding to highly-rated government securities—effects,
while columns (6)-(10) and (11)-(15) capture the marginal effects, respectively, of lower-rated government securities and other collaterals.
All quantitative variables (notional, maturity, collmaturity, VaR, cptysize, cptyroa, cptyleverage, cptycds, cptycashratio, cptycon, collcon)
are standardized. All regressions include bank, relationship, and currency fixed effects. Standard errors are clustered at the counterparty
level.

Table 11: The role of bilateral relationships

With Bank FE Without Bank FE

Significance negative % cond. mean positive % negative % cond. mean positive %
level of neg. (bps) of neg. (bps)

Panel A: Reverse Repo

10% 40.3% -7.5 9.0% 44.8% -9.9 22.4%
5% 32.8% -7.9 6.0% 43.3% -10.1 17.9%

Panel B: Repo

10% 27.9% -3.9 23.3% 55.8% -5.4 25.6%
5% 25.6% -4.1 18.6% 51.2% -5.8 23.3%

The table reports the share of significantly negative and positive relationship fixed effects for different significance levels reported in
the first column, for a specification with (columns two to four) and without (columns five to seven) reporting bank fixed effects. The
specification with bank fixed effects is from columns 5 and 10 of Table 8, whereas the specification without is based on the same regressions
but excluding bank FEs. The conditional means (columns three and six) are the average of the significantly negative fixed effects.
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Table 12: The probability of zero haircuts (excluding deals with CCPs)

Reverse Repo Repo

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Deal vars:
notional -0.003 -0.011 -0.012 -0.010 -0.010 0.001 0.002 0.004 0.004 0.005
maturity -0.139∗∗∗ -0.156∗∗∗ -0.169∗∗∗ -0.137∗∗∗ -0.148∗∗∗ -0.023 -0.031 -0.039 -0.044 -0.050
Collateral vars:
collrating 0.006∗∗∗ 0.006∗∗∗ 0.006∗∗∗ 0.007∗∗∗ 0.004 0.005 0.005 0.004
collmaturity 0.011∗∗∗ 0.010∗∗∗ 0.009∗∗∗ 0.008∗∗∗ -0.015∗∗ -0.012∗ -0.012∗ -0.011∗

securitisation 0.014 0.009 0.019 0.018 -0.072∗∗ -0.074∗∗ -0.074∗∗ -0.079∗∗

VaR 0.000 0.000 -0.000 0.001 -0.022 -0.009 -0.009 -0.009
asset in safe portf -0.012 -0.013 -0.015∗ -0.014∗ 0.009 0.011 0.011 0.009
Cpty type:
brokerdealers 0.058∗ 0.050 0.049 0.152∗∗ 0.189∗∗ 0.185∗∗

hedgefund 0.027 0.069 0.077∗ 0.040 0.070 0.065
otherassetmanagers 0.040∗ 0.056 0.060∗ -0.150 -0.119 -0.115
insurance&pension 0.060 0.099∗ 0.104∗ -0.481∗∗∗ -0.441∗∗∗ -0.437∗∗∗

centralbank&government 0.110∗∗∗ 0.086 0.089∗ -0.059 -0.022 -0.016
other 0.107∗∗ 0.148∗∗∗ 0.157∗∗∗ -0.066 -0.028 -0.023
Cpty vars:
cptysize 0.260 0.299∗ -0.203 -0.165
cptyroa -0.005 -0.006 -0.006 -0.007
cptyrating 0.007 0.007 0.037 0.034
cptyleverage -0.134 -0.137 0.134 0.139
cptycds -0.039∗∗∗ -0.039∗∗∗ 0.030 0.033
cptycashratio -0.029 -0.030∗ -0.021 -0.018
nocptydata 0.278 0.324 0.436 0.528
Misc:
cptycon -0.024∗∗ -0.013
collcon -0.007 -0.029∗∗

cptyandcollrating -0.000 0.000
N 3907 3907 3907 3907 3907 2915 2915 2915 2915 2915
R2

adj 0.910 0.912 0.913 0.915 0.915 0.663 0.667 0.679 0.681 0.684

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
Linear probability model for zero haircuts in reverse repo, columns (1)-(5), and repo, columns (6)-(10), deals (excluding deals with CCPs). The
dependent variable is a dummy taking value 1 if the haircut is zero and value 0 otherwise: see equation (5). Explanatory variables are listed in
the first column. All quantitative variables (notional, maturity, collmaturity, VaR, cptysize, cptyroa, cptyleverage, cptycds, cptycashratio, cptycon,
collcon) are standardized. All regressions include bank, relationship, and currency fixed effects. Standard errors are clustered at the counterparty
level.

Table 13: CCP versus non-CCP trades

Mean Repo Position
Reverse Repo Position Mean REVR haircut Mean REPO haircut % of zero haircuts

Non-CCP counterparties 5.77 0.096 0.039 0.300
CCP counterparties 1.03 0.071 0.044 0.359

Summary statistics of contracts with and without CCPs as counterparties.
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Table 14: Summary statistics of the netting proxy variable

Min Max Mean Obs Std dev q25 q50 q75
CCP trades 0.00 0.98 0.43 15 0.39 0.00 0.32 0.81
Non-CCP trades 0.00 1.00 0.15 851 0.29 0.00 0.00 0.13

Table 15: Tests for equality in mean of netting proxy in CCP and non-CCP subsamples

Test T-stat Dof Std error P-val
2-sided same var 3.688 864.000 0.076 0.000
2-sided diff. var 2.740 14.268 0.102 0.016
1-sided same var 3.688 864.000 0.076 0.000
1-sided diff. var 2.740 14.268 0.102 0.008

Table 16: Probability of zero haircuts and CCP trades

(1) (2)
REVR REPO

Dj,CCP 0.168∗∗∗ 0.026
notionalj -0.015∗∗ 0.001
maturityj -0.196∗∗ -0.121∗∗

N 5048 8258
R2

adj 0.409 0.275
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Linear probability model estimation of zero haircut trades: equation (7). The specifications include reporting banks and collateral fixed
effects. The dependent variable takes value 1 if the trade has zero haircut, and Dj,CCP is a dummy variable equal to one 1 if the trade
involves a CCP. Standard errors are clustered at the counterparty level.
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Table 17: Determinants of trading with CCPs

(1) (2) (3) (4)
REVR REPO REVR REPO

notional 0.100∗∗∗ 0.041∗ 0.080∗∗∗ 0.034∗∗

maturity -0.161 -0.072 -0.136 -0.067
collrating 0.017∗∗ 0.007 0.016∗∗ 0.008∗

collmaturity -0.004 0.015 -0.011 0.006
corpdebt -0.231∗∗∗ -0.198∗∗ -0.179∗∗∗ -0.125∗∗

securitisation -0.303∗∗∗ -0.260∗∗ -0.312∗∗∗ -0.173∗∗

gbp 0.220∗∗∗ 0.221∗∗∗ 0.164∗∗∗ 0.193∗∗∗

eur 0.286∗∗∗ 0.117 0.279∗∗∗ 0.123∗

usd 0.092∗ 0.014 0.119∗∗ 0.047
jpy -0.376∗∗∗ -0.127∗∗ -0.198∗∗ -0.034
netting 0.396∗∗∗ 0.430∗∗∗

N 6959 10074 6959 10073
R2

adj 0.549 0.384 0.614 0.475
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Linear probability model estimation of trades with a CCP. The dependent variable takes value 1 if the trade involves a CCP: equation (8).
Standard errors are clustered at the counterparty level.
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Table 18: The pecking order of collateral choice

(1) (2) (3) (4) (5) (6) (7)

Intercept 5.366∗∗∗

(0.743)
collrating 0.659∗∗∗ 0.665∗∗∗ 0.505∗∗∗ 0.650∗∗∗ 0.654∗∗∗ 0.480∗∗∗ 0.474∗∗∗

(0.045) (0.056) (0.036) (0.052) (0.065) (0.038) (0.057)
maturity 1.631 3.155∗∗ 0.919 2.444∗ 4.116 0.878 2.981

(1.646) (1.362) (1.197) (1.298) (2.629) (1.80) (2.802)
notional -1.326 -1.868 -2.264 -1.579 -1.807 -2.019 -1.854

(5.231) (5.990) (4.268) (5.673) (6.534) (4.743) (4.971)
k 0.095 -0.004 0.058 0.202 0.042 0.083 0.119

(0.147) (0.122) (0.117) (0.172) (0.153) (0.139) (0.168)

Bank FE Yes Yes Yes
Sector FE Yes Yes Yes
Time FE Yes Yes Yes Yes

N 327 327 327 327 327 327 327
R2

adj 0.612 0.624 0.671 0.611 0.617 0.679 0.682
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

OLS regressions for the reverse repo subsamples excluding deals with CCPs (equation (9)). The dependent variable is the average collateral
quality backing new borrowing for the same maturity date as the initial transaction. Explanatory variables are listed in the first column
and include the average collateral quality backing initial borrowing (our variable of interest), the maturity and total notional amount
borrowed initially, and the time difference between initial and new borrowing (k). Columns (1)-(7) consider different combinations of
bank, counterparty sector, and time fixed effects. Standard errors are clustered at the counterparty and time levels, and reported below
the coefficient estimates between parentheses.

Table 19: 95% confidence intervals around pecking order coefficient estimates

Specification 2.5 % 97.5 %
No FEs 0.559 0.759
Bank FEs 0.540 0.790
Sector FEs 0.425 0.585
Time FEs 0.534 0.766
Bank + Time FEs 0.509 0.799
Sector + Time FEs 0.396 0.564
Bank + Sector + Time FEs 0.347 0.602

Each row reports the 95% confidence interval around the estimate of our coefficient of interest for the specification in the corresponding
column of Table 18.
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Table 20: Drivers of repo haircuts: More sophisticated vs less sophisticated clients

(1) (2) (3)

sophisticated 0.024∗∗ 0.035∗∗ 0.028∗∗

(0.009) (0.014) (0.014)

Deal vars:
notional 0.004

(0.003)
maturity 0.045

(0.032)

Collateral vars:
collmaturity -0.163

(0.193)
VaR 0.014

(0.051)
asset in safe portf -0.004

(0.003)

Cpty vars:
cptysize 0.038

(0.072)
cptyroa -0.001

(0.007)
cptyrating 0.004

(0.008)
cptyleverage -0.034

(0.034)
cptycds -0.007

(0.013)
cptycashratio -0.006

(0.009)
nocptydata 0.135

(0.194)

Misc:
cptycon 0.002

(0.014)
collcon 0.009

(0.009)
cptyandcollrating 0.0003∗∗

(0.0001)

BankFE Yes Yes Yes
CollFE Yes Yes Yes
TradeDateFE Yes Yes Yes
RelationshipFE No Yes Yes
CurrencyFE Yes Yes Yes

N 3,907 3,907 3,907
R2

adj 0.861 0.896 0.899
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

OLS regressions for the reverse repo subsample excluding deals with CCPs (equation (10)). The dependent variable is haircut and ex-
planatory variables are listed in the first column. All quantitative variables (notional, maturity, collmaturity, VaR, cptysize, cptyroa,
cptyleverage, cptycds, cptycashratio, cptycon, collcon) are standardized. All regressions include bank, collateral, trade date, and currency
fixed effects. Standard errors are clustered at the counterparty and trade date level, and reported below the coefficient estimates between
parentheses. Column (1) considers a baseline specification controlling only for a sophistication dummy variable taking a value of 1 if the
counterparty is another reporting bank, broker-dealer, hedge fund or other asset manager. Column (2) also controls for relationship fixed
effects. Column (3) considers the sophistication dummy jointly with the other explanatory variables.
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Table 21: The role of Repo rates

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

Intercept 10.735∗∗∗ 24.125∗∗∗

(3.432) (8.050)
rate spread 3.954∗∗ 1.928∗∗ 0.282 0.917 0.249 0.089

(1.826) (0.819) (0.729) (1.374) (0.300) (0.344)
notional -1.634∗∗ -0.069 -0.032

(0.605) (0.191) (0.177)
maturity -0.417 0.148 0.163

(0.440) (0.135) (0.163)
collmaturity 4.210∗∗∗ 3.703∗∗∗ 3.657∗∗∗

(1.147) (1.222) (1.177)
inflationlinked 11.676∗∗∗ 8.655∗∗∗ 8.581∗∗∗

(3.027) (3.099) (3.035)
VaR 0.087 0.784∗∗∗ 0.239∗

(0.450) (0.240) (0.127)

Bank FE Yes Yes Yes
Counterparty FE Yes Yes Yes
Time FE Yes

N 251,573 251,573 251,573 242,713 242,713 242,713
R2

adj 0.050 0.578 0.236 0.197 0.679 0.686
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

OLS regressions for the reverse repo subsamples of the SMMD data. The dependent variable is haircut and explanatory variables are listed
in the first column. Columns (1)-(3) consider a baseline specification controlling only for the transaction spread relative to the central bank
policy rate, and columns (4)-(6) add other control variables. In both cases, different combinations of bank, counterparty, and time fixed
effects are considered. Standard errors are clustered at the bank and counterparty levels, and reported below the coefficient estimates
between parentheses.
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Appendix

A.1 A stylized model of Repo haircut determination

We present here a stylized model to motivate the testable hypotheses on haircut of repo
loans. Consider an economy with two dates, date 0 and date 1 where all agents are risk
neutral. There are agents who need funds for starting productive projects at date 0 with
a deterministic gross return z > 1 at date 1. There is also a representative lender with
deep pockets. To overcome the limited commitment problem, the borrowers need to use the
collateral asset to back the borrowing at date 0, that is, they use a form of repo loan.

We assume that the collateral asset yields a random payoff δ̃ at date 1.1 The asset can
be of high or low quality. The probability of low type is λ. Quality is i.i.d and privately
known to the borrower. For expositional clarity, we derive the comparative statics using
a two-point distribution. Specifically, the high (low) quality asset pays one unit of payoff
with probability πH (πL) and pays e ∈ (0, 1) otherwise, where 0 ≤ πL < πH ≤ 1. We
assume that, when the ownership of the collateral asset is transferred, a fraction γ ∈ (0, 1)
of the asset value is destroyed (e.g., due to illiquidity, transaction cost or lost of convenience
yield). To raise funds, borrowers can issue a security that promises to pay y and is backed by
the collateral payoff. The debt contract takes a simple form. It pays y = min{d, (1 − γ)δ̃}.
That is, in the case of default, the lender can only obtain a 1 − γ fraction of the collateral
value, and receive the face value of debt contract (d) otherwise.

Next, we discuss the market microstructure. We assume that the lending market is com-
petitive. The representative (risk neutral) lender, hence, earns zero profit. The cost of lending
for the representative lender is normalized to 1. There are gains from trade since z > 1. We
also assume that the gains from trade parameter is small enough, that is, z < 1/(1 − λ) so
that it will not make the impact of the information friction irrelevant in this model. Fur-
thermore, the collateral price φ is set as φ = E{δ̃} due to the risk neutral assumption. The
amount of lending offered by the lender is the price of the loan contract, which is denoted
by q. The haircut is, hence, defined as h = 1 − q/φ.

This is a model of lemons since the borrowers with the low quality collateral always issue
asset-backed securities to raise fund in order to access a return of z. The borrowers with
the high quality collaterals, however, might not participate since their asset-backed security
would be pooled with the low quality borrowers and priced at a lower value. Hence, the

1We denote random variable with .̃
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participation constraint is

zE{y} = z (λEL{y}+ (1 − λ)EH{y}) ≥ EH{y} (A.11)

where the left side of the inequality is the payoff from issuing an security priced at the
pooling price and investing in the project with return z, and the right side of the inequality
is the payoff from holding onto the collateral.

Note that in this stylised model quality of the borrower and quality of the collateral are
isomorphic. That is, we bundle together two information frictions: the adverse selection
with respect to both borrower default risk and the credit quality of the posted collateral.

Next, we define the information sensitivity ratio of a security issued by the borrowers
in this economy, denoted by ζ(y) ≡ EL{y}/EH{y}. The smaller is ζ(y), the more there
is a difference in payoffs of high and low collaterals, and the more information sensitive
is the security’s payoff, which in turn leads to more adverse selection. When condition
(A.11) holds with equality, we obtain a threshold ζ̄ which is the lowest possible information
sensitivity ratio of a security that the borrowers with high quality collaterals are willing to
issue knowing that they will be pooled with the borrowers with low quality collaterals.

ζ(y) ≡ EL{y}
EH{y} ≥ 1 − z − 1

zλ
≡ ζ̄ (A.12)

where ζ̄ measures the adverse selection level of the lemon market. It is decreasing in the
productivity parameter z and increasing in the probability of low type, λ.

The information sensitivity ratio of the repo debt is

ζ{d, δ̃} =
EL min{d, (1 − γ)δ̃}
EH min{d, (1 − γ)δ̃}

. (A.13)

We assume that parameters πL πH, e are such that ζ{1, δ̃} < ζ̄ to ensure that the information
friction is severe enough for the haircut problem to be non-trivial.

We are now ready to characterize the face value of the loan. We first obtain the price of
the loan contract, q, which satisfies the following zero profit condition:

q = E{min{d, (1 − γ)δ̃}}
= E{δ̃}− [λπL + (1 − λ)πH] (1 − d)− γe [(1 − πL) λ + (1 − πH) (1 − λ)] (A.14)

The indifference condition for the high type borrowers to participate in this market for
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lemons is

ζ{d, δ̃} = ζ̄. (A.15)

We assume that lenders want to maximize the lending by setting the face value high enough
to meet this indifference condition. Hence, the face value of the debt, d, can be obtained by
solving equation (A.15), which is

d = (1 − γ)e
󰀕

1 +
1 − ζ̄

ζ̄πH − πL

󰀖
. (A.16)

Combining equations (A.14) and (A.16), we obtain the haircut for repo loans,

h =
1
φ

󰀗
1 − (1 − γ)e

󰀕
1 +

1 − ζ̄

ζ̄πH − πL

󰀖󰀘
[λπL + (1 − λ)πH] (A.17)

+
γ

φ
e [(1 − πL) λ + (1 − πH) (1 − λ)]

where φ = E{δ̃}. Equation (A.17) shows that the repo loan haircut depends on the distri-
bution parameter πH − πL, illiquidity γ, and adverse selection parameter ζ̄. We categorize
these parameters into two types. One type is related to the risk of asset payoff such as
(πH − πL) and illiquidity (γ). The other type is related to adverse selection. The following
results follow directly from (A.17).
PROPOSITION 1: Haircuts are larger for risky assets and illiquid assets.

Equation (A.17) also shows that the higher the adverse selection parameter ζ̄, the larger
the haircut, which leads to the following result.
PROPOSITION 2: Haircuts are increasing in the degree of adverse selection.

Additionally, we find that the participation constraint is relaxed when the borrowing is
backed by a portfolio of one unit of risky collateral and one unit of the safe asset that pays 1
unit irrespective of the state since

ζsa f e(d, δ̃) =
1 + EL min{d, (1 − γ)δ̃}
1 + EH min{d, (1 − γ)δ̃}

>
EL min{d, (1 − γ)δ̃}
EH min{d, (1 − γ)δ̃}

. (A.18)

Intuitively, the portfolio that combines safe with risky collaterals is less information sensi-
tive. Therefore, the adverse selection is lower and the haircut on this portfolio is smaller.
PROPOSITION 3: Haircuts are lower when safe assets are included in the portfolio of collat-

eral assets.
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Table A.I: Description of the explanatory variables

Variable Description

gbp Dummy variable = 1 if transaction is in GBP.
eur Dummy variable = 1 if transaction is in EUR.
jpy Dummy variable = 1 if transaction is in JPY.
othercurrency Dummy variable = 1 if transaction is not GBP, EUR or JPY.
notional Log notional of the transaction in millions GBP.
maturity Maturity of the transaction in years.
collrating Rating of the collateral: 20 is highest and 1 is lowest.
collmaturity Maturity of the collateral in years.
corpdebt Dummy variable = 1 if collateral is corporate bond.
securitization Dummy variable = 1 if collateral is securitisation.
VaR Historical 5-day, 5% Value-at-Risk of the asset.
asset in safe portf Dummy variable = 1 if the asset is in a portfolio with at least one asset

rated AAA.
brokerdealers Dummy variable = 1 if counterparty is a broker-dealer.
hedgefund Dummy variable = 1 if counterparty is hedge fund.
otherassetmanagers Dummy variable = 1 if counterparty is other asset managers.
insurance&pension Dummy variable = 1 if counterparty is insurance company or pension

fund.
centralbank&government Dummy variable = 1 if counterparty is central bank or government.
other Dummy variable = 1 if counterparty is other type.
cptysize Log size of the counterparty in millions GBP.
cptyroa RoA of the counterparty.
cptyrating Rating of the counterparty: 20 is highest and 1 is lowest.
cptyleverage Leverage ratio of the counterparty (RWA over equity).
cptycds CDS spread of the counterparty.
cptycashratio Cash ratio of the counterparty (cash over short-term debt).
nocptydata Dummy variable = 1 there is no counterparty data.
cptycon Concentration of the counterparty measured by the share of transactions

with that counterparty in total: higher number indicates more concen-
tration.

collcon Concentration of the collateral measured by the share of transactions
against that collateral in total: higher number indicates more concentra-
tion.

cptyandcollrating Interaction term between counterparty rating and collateral rating
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Table A.II: Tobit estimation of drivers of haircuts (excluding deals with CCPs)

Reverse Repo Repo

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Deal vars:
notional -0.016∗∗ 0.002 0.002 -0.001 -0.001 0.003 0.002 0.001 0.001 0.001
maturity 0.119∗∗ 0.116∗∗∗ 0.106∗∗ 0.070∗ 0.084∗∗ 0.029∗∗ 0.031∗∗ 0.034∗∗∗ 0.035∗∗∗ 0.037∗∗∗

Collateral vars:
collrating -0.013∗∗∗ -0.012∗∗∗ -0.011∗∗∗ -0.015∗∗∗ -0.001 -0.001 -0.001 0.000
collmaturity 0.003 0.002 0.004 0.008 0.003∗ 0.003∗ 0.003∗ 0.003∗∗

securitisation 0.022 0.031∗ 0.021 0.018 0.003 0.004 0.004 0.006
VaR 0.006∗ 0.005∗ 0.005∗∗ 0.005∗ 0.013∗∗∗ 0.012∗∗∗ 0.012∗∗∗ 0.012∗∗∗

asset in safe portf -0.007 -0.009 -0.007 -0.009 0.001 0.000 0.001 0.001
Cpty type:
brokerdealers -0.027 -0.006 0.001 -0.011 -0.012 -0.011
hedgefund 0.098∗∗∗ 0.067∗∗ 0.057∗ -0.000 0.003 0.007
otherassetmanagers 0.031 0.018 0.017 0.022 0.026∗ 0.024
insurance&pension 0.009 -0.019 -0.004 0.034∗∗ 0.034∗∗ 0.030∗∗

centralbank&government -0.033 -0.016 0.001 0.054∗∗∗ 0.057∗∗∗ 0.051∗∗

other 0.078 0.049 0.038 0.005 0.002 -0.002
Cpty vars:
cptysize -0.203∗∗ -0.225∗∗∗ 0.049∗ 0.039
cptyroa -0.018∗∗ -0.015∗∗ -0.006∗ -0.005
cptyrating 0.001 -0.015∗ -0.000 0.003
cptyleverage 0.107∗∗∗ 0.100∗∗∗ 0.007 -0.000
cptycds 0.020∗ 0.012 -0.000 -0.002
cptycashratio 0.008 0.014 0.001 0.001
nocptydata -0.124 -0.274 0.104 0.075
Misc:
cptycon 0.013 0.009∗

collcon 0.012∗∗ 0.007∗∗∗

cptyandcollrating 0.001∗∗∗ -0.000∗

N 3907 3907 3907 3907 3907 2915 2915 2915 2915 2915
R2

p 2.379 2.628 2.689 2.734 2.790 -0.460 -0.476 -0.486 -0.489 -0.495
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
Tobit regressions for reverse repo, columns (1)-(5), and repo, columns (6)-(10), excluding deals with CCPs. The dependent variable is haircut
and explanatory variables are listed in the first column. All quantitative variables (notional, maturity, collmaturity, VaR, cptysize, cptyroa,
cptyleverage, cptycds, cptycashratio, cptycon, collcon) are standardized. All regressions include bank, relationship, and currency fixed effects.
Standard errors are clustered at the counterparty level.
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Table A.III: The drivers of haircuts (excluding deals with CCPs) with time (month) fixed effects

Reverse Repo Repo

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Deal vars:
notional -0.012** -0.000 -0.000 -0.002 -0.001 0.002 0.001 0.001 0.001 0.001
maturity 0.073* 0.072** 0.064* 0.031 0.048 0.060** 0.061** 0.061** 0.060** 0.060**
Collateral vars:
collrating -0.009*** -0.008*** -0.007*** -0.012*** -0.001 -0.001 -0.001 0.000
collmaturity 0.000 0.000 0.000 0.004 0.002* 0.002* 0.002* 0.002**
securitisation 0.018 0.029* 0.023 0.019 0.002 0.003 0.003 0.003
VaR 0.007** 0.006** 0.007*** 0.006*** 0.012*** 0.012*** 0.012*** 0.011***
asset in safe portf -0.003 -0.005 -0.004 -0.006* 0.001 0.000 0.001 0.002
Cpty type:
brokerdealers -0.017 -0.004 0.002 0.001 0.000 0.001
hedgefund 0.108*** 0.079*** 0.065** -0.011 -0.004 -0.001
otherassetmanagers 0.032 0.023 0.019 0.012 0.016 0.014
insurance&pension 0.004 -0.024 -0.007 -0.006 -0.002 -0.006
centralbank&government -0.007 -0.006 0.008 0.046** 0.052*** 0.048**
other 0.080 0.053 0.041 -0.001 -0.000 -0.003
Cpty vars:
cptysize -0.136** -0.153** 0.044* 0.033
cptyroa -0.015** -0.013** -0.004 -0.002
cptyrating -0.005 -0.020*** 0.001 0.003
cptyleverage 0.079*** 0.074*** 0.005 -0.002
cptycds -0.009 -0.013 -0.004 -0.005
cptycashratio 0.008 0.013* -0.000 -0.000
nocptydata -0.193 -0.297** 0.101 0.071
Misc:
cptycon 0.010 0.011*
collcon 0.007* 0.004*
cptyandcollrating 0.001*** -0.000
N 3907 3907 3907 3907 3907 2915 2915 2915 2915 2915
R2

adj 0.545 0.614 0.640 0.651 0.676 0.530 0.543 0.548 0.549 0.553

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
OLS regressions for reverse repo, columns (1)-(5), and repo, columns (6)-(10), excluding deals with CCPs. The dependent variable is haircut
and explanatory variables are listed in the first column. All quantitative variables (notional, maturity, collmaturity, VaR, cptysize, cptyroa,
cptyleverage, cptycds, cptycashratio, cptycon, collcon) are standardized. All regressions include bank, relationship, currency, and time (month)
fixed effects. Standard errors are clustered at the counterparty level.
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Online Appendix

Table OA.I: Breakdown of value of contracts in the complementary dataset (in bn GBP)

REVR REPO

Value Percent Value Percent Net
A. Maturity
Overnight 20893.1 44.9% -22640.1 45.4% -1747.0
1 day-3m 24846.2 53.4% -27027.0 54.2% -2180.7
3m-1y 808.3 1.7% -239.4 0.5% 568.9
1y+ 12.8 0.0% -0.7 0.0% 12.1

Total 46560.4 100.0% -49907.1 100.0% -3346.7
B. Counterparty type
Another reporting bank 839.4 1.8% -789.3 1.6% 50.1
Other banks 380.8 0.8% -432.9 0.9% -52.1
Hedge fund 6446.9 13.8% -6864.5 13.8% -417.7
MMFs 131.3 0.3% -2643.7 5.3% -2512.3
Other asset managers 631.9 1.4% -3269.2 6.6% -2637.3
CCP 34692.0 74.5% -32336.8 64.8% 2355.2
Insurance and pension 2265.8 4.9% -1738.5 3.5% 527.3
Central bank and government 638.6 1.4% -1408.7 2.8% -770.1
Other 533.6 1.1% -423.5 0.8% 110.1

Total 46560.4 100.0% -49907.1 100.0% -3346.7
C. Collateral type
Nominal bonds
<1y 1550.0 3.3% -1775.2 3.6% -225.2
1y-7y 14245.6 30.6% -13797.4 27.6% 448.2
7y-15y 13505.5 29.0% -12159.5 24.4% 1345.9
15y-25y 3420.0 7.3% -3790.6 7.6% -370.5
25y+ 5081.4 10.9% -6527.5 13.1% -1446.1
Inflation-linked bonds
<1y 431.5 0.9% -468.4 0.9% -36.8
1y-7y 2019.9 4.3% -2576.5 5.2% -556.6
7y-15y 2060.3 4.4% -2827.6 5.7% -767.3
15y-25y 1738.4 3.7% -2537.2 5.1% -798.8
25y+ 2507.7 5.4% -3447.2 6.9% -939.5

Total 46560.4 100.0% -49907.1 100.0% -3346.7

Breakdown of deals by maturity, counterparty, and collateral (Panels A, B, and C respectively). Value of the trades is in billion (bn)
GBP. The total values in Panels A, B, and C are based on transaction data for the period 2016-2019 between 28 reporting banks and 660
counterparties.
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Table OA.II: Breakdown of value of contracts with CCPs in the complementary dataset (in
bn GBP)

REVR REPO

Value Percent Value Percent Net
A. Maturity
Overnight 18755.1 54.1% -15635.7 48.4% 3119.5
1 day-3m 15877.8 45.8% -16619.0 51.4% -741.2
3m-1y 58.9 0.2% -82.2 0.3% -23.3
1y+ 0.3 0.0% 0.0 0.0% 0.3

Total 34692.0 100.0% -32336.8 100.0% 2355.2
B. Collateral type
Nominal bonds
<1y 1190.6 3.4% -1205.9 3.7% -15.4
1y-7y 11515.1 33.2% -10481.2 32.4% 1033.9
7y-15y 9951.4 28.7% -8454.4 26.1% 1497.0
15y-25y 2353.9 6.8% -2398.0 7.4% -44.0
25y+ 3338.1 9.6% -3399.9 10.5% -61.8
Inflation-linked bonds
<1y 405.8 1.2% -339.9 1.1% 65.9
1y-7y 1503.0 4.3% -1604.8 5.0% -101.9
7y-15y 1499.4 4.3% -1581.8 4.9% -82.4
15y-25y 1178.4 3.4% -1172.8 3.6% 5.6
25y+ 1756.3 5.1% -1698.1 5.3% 58.3

Total 34692.0 100.0% -32336.8 100.0% 2355.2

Breakdown of deals involving CCPs by maturity and collateral (Panels A and B respectively). Value of the trades is in billion (bn) GBP.
The total values in Panels A and B are based on transaction data for the period 2016-2019 between 28 reporting banks and 7 CCPs.

Table OA.III: Summary statistics for the covariates in the complementary dataset

Variable Obs Mean Std dev Min Max Averagea

Haircut 251580 11.44% 17.75% -10.57% 72.66% 9.17%
Rate spread 251573 0.02% 0.12% -0.42% 0.37% 0.01%
Notional 251580 16.83 1.30 13.90 19.43 18.06
Repo maturity 251580 32.20 66.94 1.00 364.00 29.40
Collateral maturity 251389 18.03 13.72 0.16 52.30 14.86
VaR 242717 -0.01 0.11 -0.60 0.49 -0.00

The table shows the summary statistics of variables used in the regressions excluding the deals with CCPs for reverse repo transactions.
Variables have been winsorized at 0.5% level.
a Average is weighted by the gross notional of transactions.
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Table OA.IV: The breakdown of value of contracts (in bn GBP) by maturity, currency,
counterparty type, and collateral type. Sample of six banks excluding CCPs.

REVR REPO

Value Percent Value Percent Net

A. Maturity

Overnight 23.4 23.7% -33.0 24.4% -9.6
1 day-3m 51.6 52.4% -58.6 43.3% -7.0
3m-1y 21.8 22.1% -27.5 20.3% -5.7
1y-5y 1.8 1.8% -14.5 10.7% -12.7
5y+ 0.0 0.0% -1.7 1.2% -1.6

Total 98.6 100.0% -135.3 100.0% -36.7

B. Currency

GBP 26.9 27.3% -41.0 30.3% -14.2
EUR 31.4 31.9% -65.4 48.3% -33.9
USD 27.4 27.8% -25.2 18.6% 2.2
JPY 6.0 6.1% -1.6 1.2% 4.4
Other 6.9 7.0% -2.1 1.6% 4.8

Total 98.6 100.0% -135.3 100.0% -36.7

C. Counterparty type

Another reporting bank a 8.2 8.3% -10.2 7.6% -2.0
Other banks 29.3 29.7% -43.6 32.2% -14.3
Broker-dealer b 15.0 15.2% -15.8 11.7% -0.8
Hedge fund 15.1 15.3% -15.5 11.5% -0.4
Other asset managers c 11.5 11.7% -8.3 6.2% 3.2
Insurance and pension 9.5 9.7% -8.5 6.3% 1.0
Central bank and government 5.5 5.6% -28.6 21.1% -23.0
Other d 4.4 4.5% -2.8 2.1% 1.6
Other 0.0 0.0% -1.9 1.4% -1.9

Total 98.6 100.0% -135.3 100.0% -36.7

D. Collateral type

US govt 10.2 15.3% -5.4 6.7% 4.8
UK govt 14.5 21.7% -17.6 21.9% -3.1
Germany govt 5.4 8.0% -12.9 16.0% -7.5
France govt 4.9 7.3% -4.7 5.9% 0.1
GIIPS 3.9 5.8% -3.9 4.8% 0.0
Other sovereign 18.9 28.4% -10.8 13.4% 8.2
Corporate debt 7.0 10.5% -11.7 14.5% -4.7
Securitization 1.9 2.9% -13.5 16.8% -11.6
Other 0.0 0.1% 0.0 0.0% 0.0

Total 66.7 100.0% -80.4 100.0% -13.8

The table presents the breakdown of the deals by maturity, currency, counterparty type, and collateral
type (Panels A, B, C, and D respectively) for the sample of six banks excluding CCPs. For each category, it
shows the value of the trades in billions GBP and the percentage of total trades for the reverse repos and
repos respectively. The total values in Panels A, B, C and D are based on the data from the six reporting
banks that report haircut and collateral information. Discrepancies in row Total between the Panels are
due to missing information.
a The reporting banks report on a UK-consolidated basis, but counterparties are reported on a global basis.
Therefore there may be discrepancies between the reverse repos and repos with the reporting banks.
b Broker-dealers are mostly securities firms that are subsidiaries of large banks. c Non-leveraged non-
MMF mutual funds—asset managers that are not hedge fund or MMF. d Includes corporations, schools,
hospitals and other non-profit organizations. e Greece, Italy, Ireland, Portugal, and Spain government
bonds.
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Table OA.V: The breakdown of reverse repos

Counterparty type

1 2 3 4 5 6 7 8 Total

A. Maturity

Overnight 1.4 18.8 8.0 4.0 2.0 2.1 0.0 2.2 38.4
1 day-3m 0.81 17.5 9.3 10.1 5.6 5.5 2.6 2.2 53.9
3m-1y 0.3 1.7 0.3 0.3 2.5 1.6 0.5 0.5 7.6
1-5y 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.1
5y+ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Total 2.5 38.2 17.7 14.4 10.1 9.2 3.1 4.9 100.0

B. Currency

GBP 1.1 2.8 1.5 2.6 6.3 5.8 0.1 2.6 22.8
EUR 0.6 16.1 2.9 6.3 1.4 3.0 1.3 1.2 32.6
USD 0.7 15.6 11.1 4.0 2.2 0.2 0.7 0.9 35.6
JPY 0.0 1.5 0.9 1.3 0.3 0.0 0.0 0.2 4.0
Other 0.1 2.3 1.3 0.2 0.0 0.1 1.0 0.1 5.0

Total 2.5 38.2 17.7 14.4 10.1 9.2 3.1 4.9 100.0

C. Collateral type

US govt 0.2 3.1 6.2 0.9 1.4 0.0 0.8 0.0 13.0
UK govt 0.1 0.6 0.9 0.3 7.4 4.9 0.2 2.4 16.8
Germany govt 0.3 1.2 0.4 0.6 0.6 0.6 1.1 0.1 4.9
France govt 0.0 1.7 0.2 0.4 0.3 1.1 0.1 0.2 4.0
GIIPS 0.0 0.2 0.0 3.6 0.1 0.2 0.4 0.0 4.6
Other sovereign 0.6 14.2 3.9 1.5 1.1 0.6 1.7 0.9 24.4
Corporate debt 1.0 10.9 3.3 4.8 1.8 1.9 0.1 2.6 26.4
Securitization 0.1 1.7 1.4 1.4 0.2 0.4 0.1 0.5 5.5
Other 0.0 0.0 0.2 0.0 0.0 0.0 0.0 0.0 0.2

Total 2.3 33.7 16.5 13.6 12.9 9.6 4.5 6.8 100.0
This table exhibits a finer breakdown of the reverse repo contracts. The numbers are in
percentage points and indicate the percentage of notional value in each category. The data
is double sorted by counterparty type (columns) and maturity, currency and collateral
type in Panels A, B, and C respectively. The table is based on the data from the six banks
that report haircut and collateral information. Columns 1–8 refer to the following coun-
terparty types:
1. Another reporting bank; 2. Other banks; 3. Broker-dealer; 4. Hedge fund; 5. Other asset
managers; 6. Insurance and pension; 7. Central bank & govt; and 8. Other
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Table OA.VI: The breakdown of repos

Counterparty type

1 2 3 4 5 6 7 8 Total

A. Maturity

Overnight 3.5 25.6 10.7 4.8 5.8 1.0 1.7 0.4 53.2
1 day-3m 0.8 10.3 5.8 7.3 2.7 3.9 4.4 0.8 36.3
3m-1y 0.2 2.4 0.8 0.5 0.2 0.5 2.1 0.0 6.7
1-5y 0.3 1.7 1.5 0.0 0.0 0.3 0.0 0.0 3.8
5y+ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Total 4.8 40.0 18.8 12.6 8.7 5.7 8.2 1.2 100.0

B. Currency

GBP 0.6 1.9 2.2 2.3 2.3 2.8 2.2 0.4 15.1
EUR 1.4 20.9 7.3 6.8 4.5 0.9 4.9 0.5 46.9
USD 2.0 15.5 8.3 3.0 1.8 2.0 0.9 0.3 33.6
JPY 0.8 0.2 0.0 0.2 0.0 0.0 0.0 0.0 1.4
Other 0.0 1.5 1.0 0.2 0.1 0.0 0.1 0.0 2.9

Total 4.8 40.0 18.8 12.6 8.7 5.7 8.2 1.2 100.0

C. Collateral type

US govt 0.5 1.9 0.6 0.1 0.2 0.0 0.4 0.0 3.7
UK govt 0.3 0.7 0.2 0.7 2.0 1.0 1.9 0.4 7.9
Germany govt 0.4 4.1 0.6 1.9 0.5 0.0 2.2 0.1 10.0
France govt 0.1 2.0 0.2 0.9 0.6 0.0 0.7 0.0 4.4
GIIPS 0.0 1.0 0.5 2.4 0.3 0.0 0.8 0.0 5.0
Other sovereign 2.2 8.3 4.1 2.5 0.8 0.3 2.1 0.3 20.5
Corporate debt 1.3 15.6 7.5 2.9 5.2 3.8 1.0 0.1 37.1
Securitization 0.6 6.5 2.9 0.2 1.1 0.2 0.1 0.0 11.4
Other 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Total 5.3 40.0 16.6 11.7 10.8 5.5 9.2 0.9 100.0
This table exhibits a finer breakdown of the repo contracts. The numbers are in per-
centage points and indicate the percentage of notional value in each category. The data
is double sorted by counterparty type (columns) and maturity, currency and collateral
type in Panels A, B, and C respectively. The table is based on the data from the six banks
that report haircut and collateral information. Columns 1–8 refer to the following coun-
terparty types:
1. Another reporting bank; 2. Other banks; 3. Broker-dealer; 4. Hedge fund; 5. Other
asset managers; 6. Insurance and pension; 7. Central bank & govt; and 8. Other
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Table OA.VII: Rehypothecation Rate of Assets in CCP transactions

<5Y 5-10Y 10-20Y >20Y
Gov ≥ AA 34.1% 52.4% 49.3% 85.2%
Gov < AA 33.5% 6.3% 33.1% 0.0%
Other 0.0%

Rehypothecation rates computed at the CUSIP/ISIN-level as the total amount of collateral asset posted (via repo) divided by the total
amount received (via reverse repo).

Figure OA.1: Comparison of netting measure across CCP and non-CCP counterparties.
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