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1 Introduction

Over the last two decades there has been a steady increase in the size of interest rate markets
globally. Government debt outstanding in advanced economies has grown from $20 trillion to $60
trillion over the past two decades.1 Interest rate derivatives have grown from a total notional of
$100 trillion to $500 trillion over the same period.2 Following many years of very low interest
rates, these markets have had to adjust to interest rate increases of up to 500 basis points in the
space of 18 months, as central banks and market participants have responded to an increase in
inflationary pressures around the world. There is limited evidence on who in the financial system
holds interest rate risk and how they manage it, apart from for banks where some data is available.3

But non-bank financial intermediaries (NBFIs) – such as pension funds, insurance companies, asset
managers and hedge funds – now hold a higher share of global financial assets (49%) than banks
(38%) and are very active in interest rate markets. Policymakers are now turning their attention
to understanding interest rate risk in NBFIs as well as banks.4

Which NBFI sectors are most exposed to interest rate risk? How does interest rate risk vary
across firms within a sector? Are derivatives used to hedge or amplify government bond exposures?
Is derivatives usage concentrated among a few investors? How do these factors affect the monetary
policy transmission, and how does monetary policy affect hedging behaviour? Answering these
questions is important given that volatility in interest rate markets can affect the real economy by
influencing the monetary policy transmission, market functioning and financial stability, as shown
during the recent crises in the UK government bond (gilt) market and in the US banking system.5

To answer these questions, we estimate interest rate exposures through fixed income trading
activity using a granular, transaction-level dataset on the gilt, interest rate swap, interest rate
futures and interest rate options markets.6 The identities of counterparties are observable in our
datasets which allows us to estimate at the fund level how the profitability – defined as changes
in the market value of positions – in the gilt and sterling interest rate derivatives (swap, futures
and options) markets correlate with changes in interest rates. We classify each counterparty into
three sectors – hedge funds, asset managers and a third group comprising liability-driven investors
(LDI), pension funds and insurance companies, which we label LDI-PI. These sectors make up

1See the IMF World Economic Outlook database.
2See the BIS triennial surveys on derivatives.
3On the interest rate risk exposure of banks, see Begenau, Piazzesi, and Schneider (2015); Hoffmann, Langfield,

Pierobon, and Vuillemey (2019); Gomez, Landier, Sraer, and Thesmar (2021) among others.
4See the recent commentary by senior policy makers such as Mervyn King and Tobias Adrian among others.
5See Cunliffe (2022a); Hauser (2022); Breeden (2022); Pinter (2023) among others for an analysis of the 2022

gilt market crisis and McPhail, Schnabl, and Tuckman (2023); Jiang, Matvos, Piskorski, and Seru (2023) among
others for an analysis of the recent banking crisis in the US.

6The UK only accounts for around 5% of advanced economy government debt but it has a large financial system
with total assets of more than $25 trillion, roughly ten times national income. UK-based entities are involved in
almost half of global interest rate derivatives trades, which makes it the largest financial centre in that market.
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the bulk of fund-dealer activity in the gilt market, and they each have approximately equal sized
gilt market trading activity. We then analyse in detail how interest rate exposures vary across the
three sectors, across time for a given sector and across funds within a sector. We also estimate
how concentrated derivatives usage is in each NBFI sector and quantify how this concentration
affects the monetary policy transmission to swap rates.

The empirical analysis yields four sets of results. First, interest rate risk varies significantly
across sectors, across firms within the sector and (to a lesser extent) over time. The LDI-PI sector
is exposed to ample interest rate risk on aggregate through persistent long duration positions in
both gilt and derivatives markets, consistent with the sector’s need to hedge contractual pension
liabilities. For example, the estimated combined gilt and derivatives profitability of an average
LDI-PI fund has a correlation coefficient of about -0.4 with the first principal component of interest
rates. Hedge funds take the opposite positions on aggregate: they are short duration and their
returns increase with interest rates. The combined gilt and derivatives profitability of an average
hedge fund has a correlation coefficient of about 0.16 with the interest rate factor. The majority
of these exposures are driven by hedge funds’ naked gilt exposures that are imperfectly hedged by
interest rate swaps and options. Asset managers have similar positions to LDI-PI funds but are
less exposed. Regarding time-variation in exposures, the exposure of the LDI-PI sector to interest
rate risk has been persistent over time, but there is some evidence the average hedge fund has
increased its short duration position as interest rates have increased.

Second, there is substantial heterogeneity in interest rate risk across funds within sectors.
Funds in the LDI-PI sector tend to behave similarly to one another, with many maintaining per-
sistent long duration positions (leaving their asset side negatively exposed to interest rates). The
hedge fund sector exhibits more variation, although the largest and most active funds are typic-
ally short duration. Overall, based on our analysis of month-to-month variations in profitability,
we find little evidence that the average NBFI investor uses interest rate derivatives to hedge gilt
exposures. This is true at the aggregate sector level, for the average fund in each sector and for
most individual funds within sectors. All in all, the evidence in our sample suggests that interest
rate derivatives exposures tend to amplify gilt exposures, rather than to hedge them.

Third, we find that interest rate derivatives markets are highly concentrated, particularly
among hedge funds. The top five hedge funds account for over 80% of sterling swap, options and
futures markets in terms of gross notional. These funds have maintained large speculative short
duration (receive floating, pay fixed) positions in interest rate swap markets during the hiking cycle.
To a smaller extent, we observe significant concentration among LDI-PI firms and asset managers
as well. We provide evidence that market concentration has implications for monetary policy, in
so far as monetary policy transmission to swap rates is more muted when market concentration is
higher.

Fourth, we show how new hedging activity by NBFI sectors responds to surprise changes in
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monetary policy and how these effects are influenced by market concentration. We find that
following a surprise increase in the interest rate the LDI-PI sector and hedge funds increase
net notional in the interest rate swap market, i.e. they enter into new swap contracts whereby
they receive the floating rate and pay the fixed rate on the swap. The response of hedge funds
is more immediate, much larger in magnitude (based on the point estimates) but statistically
less significant than the response of the LDI-PI sector. Importantly, the sector-level responses
are generated entirely by the responses of the same selected investors that drive our market
concentration result above.

To sum up, we find limited evidence of non-bank participants in interest rate derivatives
markets hedging their gilt market exposures. We find that these markets are dominated on the
one hand by preferred habitat investors, such as LDI-PI funds, taking persistent positions to hedge
their contractual pension liabilities, and on the other hand a small number of hedge funds taking
large speculative positions across both government bonds and interest rate derivatives.7

To arrive at these results, we first estimate, for each legal entity identifier (LEI) in our sample,
monthly changes in the entity’s profit and loss (profitability) on their gilt and derivatives market
activities separately as well as changes in the profitability in both markets combined. To measure
the dynamics of profitability on derivatives positions, we track monthly changes in the mark-to-
market values of all available floating-fixed swap contracts (including but not limited to overnight
index swaps) as well as interest rate options and futures for each LEI. To measure the dynamics of
profitability on gilt positions, we cumulate the observed transactions in our sample and estimate
changes in mark-to-market values in the cumulated positions. Armed with our measures of deriv-
atives and gilt market profitability, we estimate fund-level risk exposures by running time-series
regressions of profitability on our interest-rate risk factor at the LEI-level.8 To estimate sector-
level risk exposures, we run panel regressions separately for each of our three sectors. To quantify
the role of monetary policy, we rely on high-frequency changes in asset prices around monetary
policy announcements that are now standard in the monetary economics literature (Swanson,
2021; Braun, Miranda-Agrippino, and Saha, 2022).

Our results have a number of policy implications. First, some NBFIs – including LDI-PI,
asset managers and hedge funds – are highly exposed to volatility in interest rates, which has
implications for financial stability. Depending on their use of short-term funding and liquidity
preparedness, this could lead to fire sales in core markets when there are sharp moves in interest

7LDI-PI funds in our analysis could be thought of preferred-habit investors with inelastic demand for long
duration assets (Culbertson, 1957; Modigliani and Sutch, 1966; Greenwood and Vayanos, 2014; Gorodnichenko and
Ray, 2017; Vayanos and Vila, 2021; Giese, Joyce, Meaning, and Worlidge, 2021).

8Our baseline risk factor is the first principal component of the UK term structure of interest rates, which
explains around 99% of the variation in short-term interest rates during our sample period.
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rates, such as during the 2022 gilt market crisis in the UK.9 Second, the degree of concentration
in the interest rate derivatives markets could lead to greater risk of market disruptions. A small
number of participants account for a large share of interest rate exposures, which could lead to
dealer losses and infrastructure disruptions as they are hit with uninsurable idiosyncratic shocks.
This echoes the recent findings of Pinter (2023) that during the 2022 gilt market crisis only a
few investors were responsible for the majority of gilt liquidations. Third, our evidence suggests
that this market concentration could impair the transmission of monetary policy to interest rates.
It could also limit the signal that monetary policymakers should infer from these markets about
macroeconomic developments and policy expectations.

Related Literature Our paper is connected to several strands of the literature. First, we relate
to the expanding literature on the role of non-banks in the macroeconomy (Adrian and Shin, 2010;
He, Khang, and Krishnamurthy, 2010; Cappiello, Holm-Hadulla, Maddaloni, Mayordomo, Unger,
Arts, Meme, Asimakopoulos, Migiakis, Behrens, and Moura, 2021; Aramonte, Schrimpf, and Shin,
2021). Our contribution to this literature is to use granular datasets on these entities’ trading
activity in gilt and derivatives markets, which allows us to quantify the distribution of interest
rate risk both across different NBFI sectors as well as across different firms within the same NBFI
sector.

Second, our paper is related to the literature on hedging with financial derivatives. Motivated
by the large theoretical literature on the topic (Smith and Stulz 1985; Froot, Scharfstein, and
Stein 1993; Rampini and Viswanathan 2010; Rampini, Sufi, and Viswanathan 2014), increasing
access to granular data on derivatives in recent years has helped the empirical literature make
advances as well. This literature focused primarily on the interest rate risk exposure of banks
(Begenau, Piazzesi, and Schneider, 2015; Hoffmann, Langfield, Pierobon, and Vuillemey, 2019;
Gomez, Landier, Sraer, and Thesmar, 2021; McPhail, Schnabl, and Tuckman, 2023; Jiang, Matvos,
Piskorski, and Seru, 2023).10 We draw on this literature in terms of methodology to calculate risk
exposures, and the analysis in our paper is complementary given our focus on the risk exposures of
non-banks. Closest to our paper is a smaller set of literature that analyses the hedging behaviour
of non-banks (Koski and Pontiff, 1999; Chen, 2011; Aragon and Spencer Martin, 2012; Baker,
Haynes, Roberts, Sharma, and Tuckman, 2021; Kaniel and Wang, 2022; Khetan, Neamtu, and
Sen, 2023). The distinguishing feature of our paper is that we analyse all non-banks that are
active in the market (i.e. not just mutual funds as in Kaniel and Wang (2022) or hedge funds

9Note that the Financial Policy Committee (FPC) of the Bank of England has taken policy action to build the
resilience of LDI funds so that they are much better prepared to withstand further volatility in the interest rate
markets without having to resort to fire sales.

10There is an increasing empirical literature in international finance that uses granular data on FX derivatives
too (e.g. Alfaro, Calani, and Varela (2021); Hau, Hoffmann, Langfield, and Timmer (2021); Adams and Verdelhan
(2022); Du and Schreger (2022))
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as in Chen (2011)) and we jointly analyse their activities and exposures in various interest rate
derivatives markets as well as the government bond market (i.e. not just in the interest rate swap
market as in Baker, Haynes, Roberts, Sharma, and Tuckman (2021) or Khetan, Neamtu, and Sen
(2023)).

Third, our results also relate to the large literature on monetary policy and the use of fin-
ancial derivatives (Fender, 2000) as well as to the risk-taking channel of monetary policy more
generally (Maddaloni and Peydro, 2011; Borio and Zhu, 2012; Dell’Ariccia, Laeven, and Marquez,
2014; Adrian, Estrella, and Shin, 2019; Martinez-Miera and Repullo, 2019; Bauer, Bernanke, and
Milstein, 2023). We add to this literature by presenting new results on the effects of monetary
policy on the derivatives usage of NBFIs and how these effects are shaped by the concentration of
derivatives markets. This also complements recent work on the effects of monetary policy on the
term structure of interest rates (Hanson, Lucca, and Wright, 2021; Kekre, Lenel, and Mainardi,
2022; Guimaraes, Pinter, and Wijnandts, 2023a,b).

The remainder of the paper is organised as follows. Section 2 provides some background on
interest rate derivatives markets. Section 3 describes the sources for our aggregate and transaction-
level data. Section 4 presents stylised facts on both the gilt and derivatives markets. Section 5
presents the empirical results on interest rate exposures; Section 6 studies the concentration of
interest rate derivatives markets; Section 7 analyses the effects of monetary policy on derivatives
activity. Section 8 concludes.

2 Background on Interest Rate Markets

We analyse exposure to sterling interest rate risk obtained via both cash bonds and interest rate
derivatives in this paper. For cash bonds, we focus on the UK government bond market, which is
known as the gilt market. We look at all available interest rate derivatives denominated in pounds
sterling (GBP), which includes interest rate swaps, gilt and interest rate futures and interest rate
options.

Mechanics of Interest Rate Derivatives Interest rate swaps are the largest interest rate
derivatives market in the UK and globally. Swaps are typically structured as fixed-for-floating
contracts, where one party agrees to exchange a fixed interest rate for a floating interest rate over
a given term, where the amount exchanged is calculated on the basis of a notional amount of a
given size. For example, an interest rate swap with a notional amount of £10 million, a fixed
interest rate of 4% – known as the swap rate – and a term of 10 years, commits one party to pay
£400,000 per year over a 10 year period. In return, the other party is committed to paying the
prevailing short-term interest rate each year – typically SONIA in the UK, which has replaced
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LIBOR – which moves around with the central bank policy rate and other short rates.11 In practice
these payments are netted, so that one party receives, and the other pays, the net of the fixed and
floating payments at each point in time, and the notional amount is never transacted. That means
that mechanically the party that is ’receiving fixed’ will benefit from a reduction in interest rates,
via an increase in the market value of their swap. On the other hand, they will lose out from an
increase in interest rates. In our analysis we will show that many LDI-PI funds have receive fixed
positions in interest rate swaps. In economic terms, the swap gives the LDI-PI fund an exposure
that is equivalent to purchasing a long-term government bond funded by short-term borrowing.

Interest rate futures are contracts where one party commits to borrow or lend a notional amount
of money at a fixed interest rate for a fixed period at some point in the future. For example, an
interest rate future with a notional amount of £10 million, a fixed interest rate of 4%, a term of
90 days and an expiry in three months commits the buyer of the future to deposit £10 million at
a rate of 4% for 90 days three months from when they buy it. If interest rates fall after the buyer
has purchased the future, the market value of the future will increase and the seller will pay funds
to the buyer. If interest rates rise, the market value of the future will fall and the buyer will pay
the seller. The interest rate implied by the interest rate futures contract and the prevailing spot
interest rate – the 90 day rate in the example – will converge as the futures contract approaches
its expiry date, until they are equal on the date of expiry. Like for swaps, the notional amount
– which is usually a standard contract size listed on an exchange in the UK market – is never
actually transacted. In the sterling market there are futures contracts linked to gilts (longer-term
government bond rates) and short-term interest rates (SONIA), both of which are included in our
analysis.12

Interest rate options are more complex than swaps or futures. They give participants asymmet-
ric exposure to interest rates in one direction – either up or down – as opposed to the symmetric
exposure offered by swaps and futures. A party to an interest rate option contract has the oppor-
tunity to borrow or lend a notional amount of money at a fixed interest rate for a fixed period.
But unlike for futures or swaps, if interest rates move in an adverse direction, the buyer of the
option does not have to exercise the option and is therefore not exposed to losses beyond the
amount they paid for the option. For example, consider a call option that has a notional amount
of £10 million, a fixed interest rate of 4% and a term of three months. If interest rates rise above
4%, the option value falls to zero and the buyer is not committed to exercise the option to deposit
the notional amount. If interest rates fall below 4%, the option rises in value and the seller has to
pay the buyer. So the option gives the buyer and seller exposure to interest rates in one direction,
meaning options can be used to place a cap or floor on interest rate exposures. The sterling options

11Given the time period we study in this paper, we include swap contracts in our analysis that are linked to
both LIBOR and SONIA. In practice LIBOR has been replaced by SONIA for new contracts that are taken out.

12In the case of gilt futures, sellers of the futures contract typically have to deliver a gilt to the buyer on expiry
of the futures contract.

6



market is dominated by options on short-term interest rates (SONIA).

3 Data and Measurement

3.1 Data Sources

Our empirical analysis covers the period from November 2019 to February 2023, and uses both
aggregate data and trade-level data on gilt market and derivatives transactions. Our baseline
measure of interest rates is the first principal component of monthly zero coupon bond yields on
UK government bonds, obtained from the Bank of England, which is a risk factor that captures
shifts in the level of interest rates across the curve.13 To measure monetary policy shocks, we draw
on recent developments in the monetary economics literature and use high-frequency movements
in asset prices around Monetary Policy Committee meetings, as estimated by Braun, Miranda-
Agrippino, and Saha (2022).14

To study the trading activity of NBFIs in the gilt market, we use the MIFID II database. This
is a transaction-level dataset, maintained by the Financial Conduct Authority, which provides
information for almost all secondary market transactions on execution time, transaction price and
quantity, as well as the International Securities Identification Number (ISIN), the Legal Entity
Identifier (LEI) of both counterparties, and buyer-seller flags among others.15

The identities of the participants involved in trades are denoted by the LEIs, which allows us
to place funds into NBFI sector classifications. We focus our analysis on LDI-PI, hedge funds and
asset managers. Our definition of gilt market sectors builds on the Bank of England’s internal
classification system, which allocates each LEI code to a sector. The LDI-PI sector comprises
LEIs that are funds associated with pension funds, insurance companies and LDI, which are
usually managed by asset managers. Our definition of hedge funds includes both discretionary
and systemic funds featuring both macroeconomic and relative value strategies. Our definition of
asset managers include both wealth and asset managers as well as other mutual funds.

The primary data source we use to study the trading activity of NBFIs in the interest rate
derivatives market is the EMIR trade repository data.16 We use the state reports at the end of

13The data can be downloaded from the Bank of England’s website.
14Braun, Miranda-Agrippino, and Saha (2022) in turn build on Gurkaynak, Sack, and Swanson (2005), Gertler

and Karadi (2015), Miranda-Agrippino (2016), Gerko and Rey (2017), Altavilla, Brugnolini, Gürkaynak, Motto,
and Ragusa (2019), Cesa-Bianchi, Thwaites, and Vicondoa (2020) and Swanson (2021) among other contributions
in the rapidly expanding monetary economics literature.

15Further information on the MIFID II dataset can be found in the Reporting Guidelines:
https://www.esma.europa.eu/sites/default/files/library/2016-1452 guidelines mifid ii transaction reporting.pdf.
Recent applications of the datasets can be found in Czech, Huang, Lou, and Wang (2021); Kondor and Pinter
(2022) among others.

16Further information can be found on the website of the Bank of England. See Cenedese, Ranaldo, and Vasios
(2020) for a recent application of this dataset.

7

https://www.bankofengland.co.uk/statistics/yield-curves
https://www.esma.europa.eu/sites/default/files/library/2016-1452_guidelines_mifid_ii_transaction_reporting.pdf
https://www.bankofengland.co.uk/financial-stability/trade-repository-data


each month in our sample, which provide a snapshot of all outstanding interest rate swap, futures
and options contracts at a point in time. Similar to MIFID II, each transaction report contains
multiple fields that include information on trade characteristics such as LEIs, price, notional
amount, maturity date, execution time and the value of contract among others. We use the LEIs
to merge the trade information across the gilt and derivatives markets.

We use contract-level data on fixed-floating interest rate swaps, including overnight index swaps
(OIS) with the floating legs linked to the Sterling Overnight Index Average (SONIA)17 as well as
other interest rate swaps such as those remaining contracts still linked to LIBOR. In addition, we
use all available listed and unlisted sterling interest rate options, including both call options and
put options. We also use contract-level information on sterling interest rate futures. We use all
available contracts in the trade repositories reported in sterling under the product classifications
FF, HR, SRC and SRH in the Classification of Financial Instruments.

3.2 Measuring the Profitability of Gilt and Derivatives Positions

To measure the dynamics of profitability on derivatives, we use the ‘value of contract’ variable in
the state reports for interest rate swaps, options and futures, which measures the mark-to-market
value of the each contract at the time of accessing the state reports. Each contract is assigned a
unique identifier, which allows us to track the mark-to-market values of contracts through time.
Formally, for contract c of fund i at the end of month t, we the approximate monthly changes in
profit and loss (profitability) on interest rate derivatives positions, P&Lderivativesc,i,t , as follows:

∆t−1,t
(
P&Lderivativesc,i,t

)
= ∆t−1,t (V alueOfContractc,i,t) , (3.1)

where V alueOfContractc,i,t is the mark-to-market value of the contract (directly observable in
the EMIR TR dataset) at end end of month t. For each fund i and in each month t, we sum the
changes in contract values across all available contracts, which we use as a measure of profitability
on interest rate derivatives positions:

∆t−1,t
(
P&Lderivativesi,t

)
=

Ni∑
c

[
∆t−1,t

(
P&Lderivativesc,i,t

)]
, (3.2)

where Ni is the total number of derivatives contracts observed in our dataset for fund i.
To analyse interest rate risk in the gilt market over time, ideally we would use data on the

market value of gilt holdings at the LEI level over time, which is not currently available. In the
absence of that information we focus on cumulated gilt flows. We cumulate the observed signed
transaction quantities (i.e. flows) of each LEI in a training sample (January 2018 to October 2019)

17Further information on SONIA can be found on the Bank of England’s website.
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to approximate holdings by the start of our baseline sample (November 2019 to February 2023).
For the sector-level analysis, we extend the training sample all the way back to 2011 to further
mitigate problems of ‘initial values’.

Keeping track of the transaction price of each historical transaction, we then use the evolution
of market prices (measured by the median transaction price on a given trading day) as well as
the evolution of approximated gilt holdings to estimate changes in mark-to-market values in gilt
positions at the LEI level. Formally, we first compute cumulative sign transactions for each fund
i in each bond j from the first observable date t0 to the end of month t:

Qi,j,t =
t∑

s=to
Qi,j,s × 1B,Si,j,s, (3.3)

where Qi,j,t is the size of transaction s of fund i in bond j, and 1B,Si,j,s is an indicator function equal
to 1 when the transaction is a buy trade, and equal to −1 when it is a sell trade. We compute the
cumulative sum of the nominal value of observed transactions:

Vi,j,t =
t∑

s=to
Qi,j,s × Pi,j,s × 1B,Si,j,s, (3.4)

where Pi,j,s is the transaction price for transaction s of fund i in bond j. Our proxy for the
gilt-market profitability for fund i in bond j at the end of month t is then written as:

∆t−1,t
(
P&Lgilti,j,t

)
= ∆t−1,t (Pj,t ×Qi,j,t − Vi,j,t) , (3.5)

where Pj,t is the median transaction price in bond j on day t. We then sum across the bond-specific
profitability as follows:

∆t−1,t
(
P&Lgilti,t

)
=

Ji∑
j

[
∆t−1,t

(
P&Lgilti,j,t

)]
, (3.6)

where Ji is the total number of bonds traded by fund i. To highlight the working of the algorithm,
Figure 15 in Appendix provides an illustration via a hypothetical example.

To summarise, the measures 3.2 and 3.6 will be our baseline measures of mark-to-market
profitability in the derivatives and gilt markets, respectively, expressed in £ values. We do not
have data on the total assets of market participants, so we focus on measures of profitability
in £ values rather than percentages of assets. Our measure of total profitability is the sum of
profitability in gilt and derivatives markets:

∆t−1,t
(
P&Ltotali,t

)
= ∆t−1,t

(
P&Lgilti,t

)
+ ∆t−1,t

(
P&Lderivativesi,t

)
. (3.7)
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In the next section, we present a series of stylised facts for the gilt and interest rate derivatives
markets, along with illustrating the time series behaviour of our profitability measures (3.2 and
3.6).

4 Stylised Facts

4.1 Gilt Market

Figure 1 shows the distribution of cumulative gilt purchases over the 2011 to 2023 period across
the main sectors. The MIFID II transaction-level data that we focus on in the rest of this paper
covers the 2018 to 2023 period only. To make sure that our aggregate time series analysis covers
the longest period possible, we combine the MIFID II data with ZEN data covering the 2011 to
2017 period. This relies on matching across the two different datasets using BIC-LEI mappings.18

In this combined sample cumulative gilt purchases total more than £1 trillion. This implies that
we can account for almost half of gilt holdings in the market, given that the total value of gilts
outstanding is around £2 trillion in 2022.

NBFIs account for about half of total gilt purchases in this sample, which is consistent with
their share in aggregate data sources. The group labelled ’Others’ makes up the other half. Among
other things it includes the Bank of England’s gilt purchases conducted primarily for monetary
policy purposes, commercial bank holdings and purchases by foreign government entities (for
example foreign central banks), building societies and mortgage lenders. In terms of net (signed)
volume, most of this category is made up of the Bank of England’s purchases, which implies that
in practice NBFIs hold a very large share of the ’free float’ gilts available for purchase in the
market. Hedge funds have negative positions on a cumulative basis, which is suggestive of them
often taking short positions and of frequent trading in and out of the market i.e. they tend to
have short investment horizons, consistent with Czech, Huang, Lou, and Wang (2021). LDI-PIs
consistently make large purchases of gilts.

[Figure 1]

Table 6 presents summary statistics on gilt market activity for the main NBFI sectors. In
terms of average monthly trading volume, hedge funds generate a trading volume of around £168
billion which accounts for more than half (52.1%) of total NBFI volume (£323 billion) in our
sample. LDI-PIs and asset managers generate average monthly trading of around £96 billion and
£59 billion. The ranking is different when we measure trading activity in terms of number of
transactions. Asset managers are the most active sector in our sample by number of transactions,

18For further details on the Zen dataset, see the Transaction Reporting User Pack:
https://www.fca.org.uk/publication/finalised-guidance/fg15-03.pdf.
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with around 20,800 transactions a month, followed by LDI-PIs and hedge funds with around 16,600
and 8,400 transactions, respectively. This is consistent with hedge funds typically trading in larger
trade sizes than other NBFIs.

[Table 6]

4.2 Interest Rate Derivatives

To get a sense of the positioning of NBFIs in the interest rate derivatives market, Figure 2 shows
the total gross notional by sector in the sterling interest rate swap market. Total gross notional has
been about £12 trillion over the last two years.19 Dealer banks20 have the largest gross notional
and show relatively little variation in their positions over time.

Panel B of Figure 2b shows the total signed net notional by sector.21 Hedge funds are the
largest receivers of floating rates (payers of fixed rates), and dealer banks and LDI-PIs are the
largest payers of floating rates (receivers of fixed rates). Hedge funds increased their positioning
as large receivers of floating rates significantly in the fourth quarter of 2021 when the global hiking
cycle started and interest rates began to increase significantly at both short and long maturities
around the world. This is suggestive of hedge funds taking speculative positions related to expected
future interest rate hikes (FT, 2022).

[Figure 2]

Figure 3 shows the maturity profiles of NBFI exposures to interest rate swaps, before and after
the start of the hiking cycle in the fourth quarter of 2021. LDI-PIs tend to take swap positions
that are relatively evenly distributed across maturities. In relative terms this means they are
much more exposed to longer duration via swap markets than other market participants, which is
consistent with them managing their long-dated contractual liabilities. These positions are stable
across time, consistent with contractual liabilities that evolve slowly over time (Cunliffe, 2022a,b).
Hedge funds significantly increased their short-dated swap exposures as the hiking cycle began,
which could be suggestive of speculation that there would be persistent rises in short interest

19Total gross notional is a crude measure of exposure that should not be directly compared to bond exposures. It
does not net offsetting long and short positions in the same maturity, which are common given that it is often easier
and cheaper to buy offsetting positions than to sell an existing position in an interest rate derivatives product. In
our analysis in the rest of the paper we focus on other measures of interest rate risk.

20Dealers are defined as those banks that are gilt-edged market makers (GEMMs). GEMMs are primary dealers
in gilts that actively trade in either conventional gilts, index-linked gilts or both. Their number hovers around 18
during our sample, and they have number of obligations and enjoy certain privileges (see DMO (2011) for further
details).

21This is the net of receive fixed and receive floating positions across all maturities. It does not adjust for the
different level of interest rate risk implied by exposures at different maturities. In our analysis in the rest of the
paper we focus on other measures of interest rate risk, such as the covariance between profitability and interest
rates.
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rates. Other participants (that include commercial banks, building societies and mortgage leners)
are large receivers of short-dated floating rates, which could be consistent with structural hedges
designed to manage maturity transformation (Begenau, Piazzesi, and Schneider, 2015; Hoffmann,
Langfield, Pierobon, and Vuillemey, 2019; Gomez, Landier, Sraer, and Thesmar, 2021; McPhail,
Schnabl, and Tuckman, 2023; Jiang, Matvos, Piskorski, and Seru, 2023).

[Figure 3]

Turning to the interest rate options market, Figure 5 shows the total notional of the main
sectors on aggregate. We find that, in contrast to the swaps market, the LDI-PI sector is virtually
absent in the interest rate options market. Hedge funds are very active in the market, taking large
positions. Dealers also have large positions that are likely linked to their role as market makers.

[Figure 5]

In a similar spirit, Figure 4 shows the total notional of the main sectors in the sterling interest
rate futures market. We find that the LDI-PI sector is virtually absent in the interest rate options
market. Hedge funds are very active in the market, taking large positions. Dealers also have
large positions that are likely linked to their role as market makers. Note that both in terms of
gross notional and net notional, the futures market is substantially smaller than the swap market,
consistent with recent evidence from the US markets (McPhail, Schnabl, and Tuckman 2023).

[Figure 4]

To give a sense of the extensive margin of interest rate swap, futures and options usage among
our sample of gilt market investors, Table 1 shows the percentage of funds in each sector that use
swaps, futures or options at least once in our sample period. The LDI-PI sector has the most
active swap usage, with almost half of LEIs in the sample using swaps. We also find that around a
third of the 122 hedge funds in our sample use swaps. The prevalence of interest rate swap usage
is lowest (15%) among asset managers.

[Table 1]

The pattern is different when we consider the intensity of interest rate options usage in our
sample of funds. Less than 7% of LDI-PI funds and around 5% of asset managers use options. In
contrast, about 27% of hedge funds use options in our sample. In addition, we find that around
27% of funds across all three NBFI sectors use interest rate futures.

4.3 Dynamics of Profitability and Interest Rates

Figure 6 plots a time series of the 10-year gilt yield against cumulative changes in aggregate
profitability in derivatives (equation 3.2) and gilts (equation 3.6) for the main sectors. If the
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sector as a whole was using interest rate derivatives to hedge the interest rate risk associated with
its gilt exposures, we should observe that the profitability on gilts and derivatives move in opposite
directions as interest rates change. However, we find that, with the exception of hedge funds in
the second half of our period, none of the NBFI sectors were hedging their interest rate exposure
on aggregate over the period.

The gilt and (to a lesser extent) derivatives profitability of hedge funds shows a positive cor-
relation with interest rates, meaning that hedge funds on aggregate tend to be short duration.
Profitability was stable while rates were close to zero and then increased rapidly from 2021 on-
wards as rates started to rise. The gilt and derivatives profitability of LDI-PI and asset managers
move together, but show a negative correlation with interest rates, meaning that LDI-PI and asset
managers on aggregate tend to be long duration. They have seen large losses during the hiking
cycle when interest rates have risen steeply.

[Figure 6]

Derivatives in our analysis consist of interest rate swaps, futures and options. A natural
question, motivated by Figure 6, is what the relative contributions of interest rate options vs
swaps are to profitability. To address that, Figure 7 decomposes the time-series of derivatives
return into the time-series of the three components. Figure 7a shows that some of the decline in
hedge fund profitability after 2022 is driven by loss on their interest rate options positions which is
more than offset by the gains on their swap and futures positions. Figure 7b shows that virtually
the whole variation in LDI-PI derivatives profitability in our sample is driven by interest rate
swaps, consistent with the lack of options or futures usage by the sector in liability management.
In case of asset managers, as shown by Figure 7c, all three assets contributed negatively to the
sector’s profitability on these derivatives.

[Figure 7]

In the next section, we use regression analysis to estimate interest rate risk exposures at the
sector and fund levels.

5 Interest Rate Exposures

5.1 Empirical Methodology

To measure interest rate risk, we draw on the large literature on the risk exposures of banks, hedge
funds, mutual funds among others.22 To quantify interest rate risk exposures at the aggregate

22See Fung and Hsieh (2001); Ferson and Lin (2014); Huang, Sialm, and Zhang (2011); Patton and Ramadorai
(2013); Begenau, Piazzesi, and Schneider (2015); Agarwal, Mullally, and Naik (2015) among many others.
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sector-level, we estimate the following time-series regression separately for each sector s:

∆t−1,tΠs,t,k = cs + βs,k ×∆t−1,tft + εs,t,k, (5.1)

where ∆t−1,tΠs,t,k is the monthly change in the cumulative profitability, Πi,t,k, of sector s; cs is a
constant and ∆t−1,tft is the monthly change in our baseline interest rate factor, which is the first
principal component of gilt yields. We keep the units of Πi,t,k and f in £ values and basis points,
respectively, so that our estimated coefficients can be interpreted as the average DV01 (dollar
value of a basis point) over time.

To measure interest rate risk exposures of the average fund in a sector, we estimate the following
panel regression separately for each sector s:

∆t−1,tΠi,t,k,s = αi + βk,s ×∆t−1,tft + εi,t,k,s, (5.2)

where ∆t−1,tΠi,t,k,s is the monthly change in cumulative profitability, Πi,t,k,s, of fund i in sector s
in market k ∈ {Total, Gilt, Swap}; αi is a fund fixed effect; ∆t−1,tft is the monthly change in our
baseline interest rate factor, which is the first principal component of yields; and the estimated
coefficient βk,s is assumed to be common across funds within sector s and profit definition k.

To measure interest rate risk exposures at the fund-level, we estimate the following time-series
regression separately for each fund i:

∆t−1,tΠi,t,k = ci + βi,k ×∆t−1,tft + εi,t,k, (5.3)

where ∆t−1,tΠi,t,k is the monthly change in cumulative profitability, Πi,t,k, of fund i in market
k ∈ {Total, Gilt, Swap}.

We estimate both unweighted and weighted regressions where we use the average monthly
trading volume in gilt and the total notional in derivatives as proxies for size. Throughout the
analysis, we use two-way clustering (at the month and fund level) to estimate standard errors.
We standardise both the dependent and independent variables in regressions 5.3-5.2 so that our
regression coefficients can be interpreted as correlation coefficients.

5.2 Aggregate Risk Exposures by Sector

To estimate interest rate risk for sectors on aggregate (corresponding to Figure 6), we estimate time
series regressions (based on 5.3) separately for each of the main sectors, for gilts and derivatives.
The results should be interpreted as average DV01s over the time period specified for the sectors
on aggregate. When estimating the regression for gilts, the ideal experiment would be to use data
on gilt holdings directly, which is not currently available as mentioned above. We use cumulated
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flows in the same way we constructed Figure 1, combining information from the MIFID II (2018
to 2023) and ZEN datasets (2011 to 2017), which reduces the measurement error associated with
approximating gilt holdings. We present the results for the shorter (MIFID II only, 2018 to 2023)
and longer sample periods (MIFID II plus ZEN, 2011 to 2023) separately.

Table 2 presents the results of these separate time series regressions. Panels A and B present
the estimates for gilts and derivatives, respectively. The results show that LDI-PIs have the largest
negative exposures to interest rates, with an aggregate DV01 of £-200 to £-600 million in gilts
and £-400 million in derivatives over the period (mainly driven by the sector’s swap positions).
These investors tend to exhibit consistent risk exposure over time, driven by preferred habitat
behaviour linked to their long-dated contractual liabilities (Klingler and Sundaresan, 2019; Pinter,
2023). The analysis in the rest of the paper, which focuses on the MIFID II data, is likely to
reflect a lower bound on the absolute interest rate exposure of funds in the LDI-PI sector, which is
evident from the relative magnitudes of the estimates using the shorter and longer sample periods
in Table 2.

[Table 2]

As shown by Panel B of Table 2, hedge funds have positive exposures to interest rates in gilt
markets, with a DV01 of around £27.3 million.23 However, hedge funds’ overall exposures in
derivatives markets seem limited, as their positive swap exposures (with a DV01 of around £5
million) and futures exposures (with a DV01 of around £2.6 million) more than offset the negative
exposures in interest rate options (with a DV01 of around £4.6 million). As shown by Panel C
of Table 2, asset managers are qualitatively the same as the LDI-PI sector with both gilt and
derivatives positions being negatively exposed to interest rates.

5.3 Average fund Exposures by Sector

Table 3 presents the results of separate fund-level panel regressions for each of the main sectors,
for gilts and derivatives (regression 5.2). In these specifications the dependent and independent
variables are standardised so that the coefficient estimates are interpreted as correlations between
profitability and interest rates (the first principal component) for the average fund in a sector over
the 2019 to 2023 period.

Inspecting the results in columns (1)-(3) reveals that the average fund in LDI-PI sector has
significant negative exposures to interest rates. An increase in interest rates is associated with a
significant reduction in profitability across gilt and derivatives exposures. We find that the total
profitability of an average LDI-PI fund across gilts and derivatives combined has a correlation of

23Note we could not find evidence on any material gilt holdings by the hedge fund sector in the ZEN dataset,
consistent with recent evidence on hedge funds’ short investment horizons in this market (Czech, Huang, Lou, and
Wang, 2021). Hence we did not make adjustments to our estimates based on MIFID II.
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-0.39 with the interest rate risk factor, and this effect is stronger (-0.49) when we look at volume-
weighted exposures, suggestive of larger LDI-PI funds having larger risk exposures than smaller
funders in the sector.

[Table 3]

Importantly, risk exposures on gilt and derivatives exposures have the same sign, implying that
derivatives positions of the LDI-PI sector amplify – rather than hedge – its gilt market exposures.
This can be explained by the fact that funds in the sector tend to use interest rate exposures
in these markets to hedge their long-dated contractual liabilities (Greenwood and Vayanos, 2010;
Blake, Sarno, and Zinna, 2017; Douglas and Roberts-Sklar, 2018; Klingler and Sundaresan, 2019;
Jansen, Klingler, Ranaldo, and Duijm, 2023). They use both gilts and interest rate derivatives to
hedge against falls in interest rates (which would increase the present value of their liabilities) to
ensure that their net worth is stable over time and to minimise the variance of top-up contributions
to the funds required by their corporate sponsors.

Inspecting columns (4)-(6) of Table 3 reveals that the average hedge fund has a positive ex-
posure to the interest rate factor, with unweighted and weighted regressions yielding a correlation
coefficient of 0.16 and 0.36, respectively. Interestingly, average unweighted derivatives exposures
in hedge funds are negative (-0.09) and statistically insignificant, whereas size-weighted exposures
are large and significant (0.47). This suggests that some large hedge funds take sizeable derivatives
positions, which also increase the size-weighted total exposures (0.36) compared the unweighted
total exposures (0.16). We analyse this issue further in Section 6 which looks at the concentration
of derivatives usage among investors.

Columns (7)-(9) report the estimates for asset managers. The unweighted regression results
show that the average asset manager has a negative exposure (-0.18) to interest rate risk that
is somewhat smaller in magnitude than for the average LDI-PI fund. Similar to LDI-PIs, asset
managers’ exposures in gilt and derivatives markets have the same sign, providing further evidence
against the use of interest rate derivatives to hedge gilt market exposures.

Given the size of the LDI-PI sector’s exposure, we decompose the sector into a group of LDI
managers and a group of pension funds and insurance companies (PI). LDI managers tend to act
as agents for pension funds who are aiming to manage the interest rate risk associated with long-
term contractual liabilities (Pinter, Siriwardane, and Walker, 2023). Pension funds pay capital
into LDI funds and LDI managers often employ leverage to increase exposure to interest rates
at multiples of the capital. This leverage is obtained through the use of repurchase agreements
(repo) as borrowing secured against gilt holdings, or interest rate derivatives that act as synthetic
leverage with direct interest rate exposure (Hauser, 2022; Breeden, 2022; Pinter, 2023). Outside
of LDI funds, pension funds tend to employ a wider range of strategies and do not always seek
to take on as much interest rate risk. Therefore, one would expect interest rate exposures to be
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more pronounced among LDI managers than among PI entities.
To test this hypothesis, we re-estimate our panel regression 5.2 separately for LDI funds and

for PI entities, with the results presented in Table 4. We find that total risk exposures are about
twice as large for the average LDI fund as for the average PI entity. Specifically, the correla-
tion coefficients among LDI funds are -0.36 and -0.45 using unweighted and weighted regressions,
respectively. The estimates for the average PI entity are -0.28 and -0.25 using unweighted and
weighted regressions, respectively. In terms of the gilt and derivatives mix, the unweighted regres-
sions imply that the average LDI fund has about five times larger derivatives exposure to interest
rates (-0.53) than PI entities (-0.27), whereas gilt exposures across the two sub-sectors are similar.
The weighted regressions show a different picture: once we assign larger weights to larger funds,
the average LDI fund has a much larger gilt (-0.64 vs 0.05) and derivatives exposure (-0.80 vs
-0.37) than the average PI entity.

[Table 4]

As a robustness check, we explore how much our baseline results change when we include
as an additional regressor, the second principal component of the yield curve – the slope factor
(Litterman, 1991). This slope factor has a correlation coefficient of -0.47 with the term spread
(computed as the difference between the 20-year and 1-year yields) in our sample period. Table 10
in the Appendix shows the results. We find the that the average LDI-PI fund has little sensitivity
to the slope factor and the level factor continues to be dominant. The profitability of the average
hedge fund tends to load positively on the slope factor, i.e. an inversion of the yield curve is
associated with a positive change in the profitability, which is primarily driven by the sector’s
positioning in gilts. In contrast, we find some evidence that asset managers’ total profits tend to
load negatively on the slope factor, though the effect becomes insignificant once we run weighted
regressions.

Moreover, we also check how the results change when we replace the level factor with the
1-year (Table 11) and 10-year (Table 12) yields. Overall, we find that the effects are similar to our
baseline, and there is some evidence that LDI-PI exposures to long-term interest rates are larger
than short-term interest rates, consistent with the sector’s preference for long-term duration.

5.4 Time Variation in Average fund Exposures by Sector

Given the rapid increase in interest rates that came with the start of the hiking cycle at the end of
2021, a natural question to explore is whether there has been time-variation in interest rate risk
exposures. To that end, we perform a rolling window estimation of regression 5.2 with the first
(last) estimation window covering the period November 2019 to November 2021 (February 2021
to February 2023).
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Figure 8 shows the time variation in risk exposures across the three NBFI sectors along with
90% confidence bands based on two-way (month and fund level) clustering of standard errors.
We use the results from weighted regressions so that we can proxy for changes in the aggregate
exposures of the sectors (i.e. taking into account that larger firms’ exposures are more important
in determining aggregate exposures).

[Figure 8]

The results show that, as one would expect, the exposure of the average LDI-PI fund is stable
over time. This is consistent with their strategy to hedge slow-moving long-dated contractual
liabilities. Asset managers exhibit a similar pattern, which is consistent with stable investment
strategies. However, the picture for hedge funds stands out. The average hedge fund has steadily
increased its exposure to interest rates as interest rates have risen. This is suggestive of speculative
behaviour where hedge funds have responded to the hiking cycle by increasing their short duration
exposure over time to position for higher rates – this is a strategy that has proven very profitable
ex post. This might indicate some informational advantage over other investors, or an ability
to adapt positioning more quickly in response to changing information sets (Kondor and Pinter,
2022). We show later in the paper that this behaviour has been concentrated in a small number
of hedge funds.

5.5 Average Sector-Level Monetary Policy Exposures

So far in the paper, our definition of interest rate risk exposures has been based on the co-movement
between fund profitability and changes in interest rates. A natural question to explore is whether
the nature of risk exposures remains the same when we look at variation in interest rates caused by
monetary policy surprises – interest rate changes that are, by definition, unexpected by financial
markets. To that end, we draw on recent developments in the monetary economics literature and
use high-frequency movements in yields around the Monetary Policy Committee of the Bank of
England’s meetings.

[Table 5]

Table 5 presents the results from variants of regression 5.2 where we instrument the monthly
change in the interest rate factor with the ‘target shock’ of Swanson (2021), obtained from Braun,
Miranda-Agrippino, and Saha (2022), which is interpreted as shocks to conventional monetary
policy, i.e. surprise changes in the Bank rate. Overall, the results are similar to the baseline: the
average fund in the LDI-PI sector and (to a lesser extent) in the asset manager sector has a large
negative exposure, whereas hedge fund exposures tend to be positive. Importantly, we continue to
find evidence that derivatives exposures have the same sign as gilt exposures, underlining the role
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of derivatives as amplifier of gilt exposures in our sample. According to these findings, our baseline
results can be interpreted as the causal impact of interest rates on NBFI profitability in interest
rate markets. Another words, it is unlikely that the results are driven by reverse causality (e.g.
developments in the NBFI sector affecting monetary policy), anticipation effects (e.g. hedging
behaviour changes in anticipation future monetary policy) or omitted factors (e.g. fiscal policy)
rather than the other way around.

As robustness, we use alternative measures of monetary policy shocks Table 13 in the Appendix
paints a qualitatively similar picture to our baseline, though the statistical significance of the
results is somewhat lower.

5.6 Fund-level Variation in Exposures within Sectors

Looking at average estimates for exposures at the sector level may mask the potentially large
heterogeneity across funds within the same sector. To study this heterogeneity, we now analyse
fund-level exposures, obtained by estimating individual time series regressions for each fund sep-
arately (5.3). We explore the distribution of fund-level exposures across the three NBFI sectors.
Given that one of our main research questions is whether or not participants in interest rate mar-
kets hedge their interest rate risk, we do not distinguish between negative and positive exposures
for this analysis. That is, we plot the distribution of the absolute value of exposures to the interest
rate factor. We focus on exposures based on total profitability (as in 3.7) so we account for the
possible neutralising effect of derivatives exposures on gilt positions. An entity that was using
derivatives to hedge its gilt exposures, or holding fully hedged derivatives portfolios, would have
zero exposure to interest rates.

[Figure 9]

Figure 9 presents a histogram of the absolute value of interest rate exposures (measured as
correlation coefficients) for the main sectors. An obvious take-away is that there is very little
clustering around zero, i.e. there is little hedging within these markets. In fact, most of the fund-
level exposures across all three sectors concentrate at the right tail of the distribution. In other
words, most funds in the NBFI sector have large interest rate exposures. As discussed above, the
explanation for this clearly varies across sectors: LDI-PI funds typically hedge their contractual
liabilities using interest rate markets, but both hedge funds and asset managers appear to be
taking more speculative positions. We do not find evidence for many arbitrageurs in the data.

As a robustness check, we construct versions of these histogram, using size as frequency weights.
As shown by Figure 16 in the appendix, these weighted histograms present even more extreme
pictures. However, when we look at the data through this alternative lense there is some tentative
evidence of a number of larger hedge funds with very low interest rate exposures overall, which
could be indicative of arbitrageur behaviour (Vayanos and Vila, 2021).
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5.7 Determinants of Fund-level Exposures

We now turn to investigating the determinants of fund-level interest rate risk exposures. What
type of market participants are more likely to take directional positions in the interest rate markets
and less likely to hedge their exposures? A natural trader characteristic to explore is trader size,
i.e. are larger funds most likely to take larger positions in the interest rate markets?

The scatter in Figure 10 shows the relationship between fund size and interest rate exposure,
taking into account gilt and swap exposures, across the three main sectors. This analysis reveals a
positive and statistically significant relationship between fund size and interest rate exposure for
hedge funds, consistent with previous results on the concentration in that sector. This relationship
is not evident for other sectors.

[Figure 10]

What other characteristics determine interest rate risk? Do funds with larger interest rate
exposures trade more frequently, trade in certain parts of the curve or tend to trade assets with
longer maturities? To answer these questions, we estimate a cross-sectional regression of the
following form:

Exposurei =c+ β1 × TradeV olumei + β2 × TradeFrequencyi
+ β3 × AverageMaturityi + β4 ×MaturityDisperioni

+ β5 ×BuySellDispersioni + εi,

(5.4)

where the Exposurei is the absolute value of the total exposure of fund i and the definitions of
the regressors are as follows. The variable TradeV olumei is the average monthly trading volume,
which is a proxy for the size of the gilt market investor. The variable TradeFrequencyi is the
average number of monthly transactions, which proxies how active the fund is (O’Hara, Wang, and
Zhou, 2018); AverageMaturityi is the average maturity of all gilt market transactions (weighted
by trade size) of a fund. The variable MaturityDisperioni is the average daily dispersion of
the maturity of the given fund, which captures how concentrated the given fund’s activity along
the yield curve. Lastly, the variable BuySellDispersioni is the average dispersion of the buy
indicator, which takes value 1 (-1) if a trade is a buy (sell) trade. This dispersion variable would
be one if the fund sells as many times as it buys, and therefore a low value could be interpreted
as a directional strategy.

[Table 7]

The regression results are presented in Table 7. Looking at column (1) reveals that those LDI-
PI funds that trade more frequently, in larger maturities and follow a directional strategy tend to
have larger exposures. Column (2) of Table 7 shows that hedge funds that are larger, trade in
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longer maturities and concentrate their trading activity in a narrower segment of the yield curve.
This former result is consistent with the notion that systematic hedge funds (that aim to trade
away mispricings and have lower level exposure compared to discretionary hedge funds) tend to
trade multiple maturities simultaneously. Finally, column (3) of Table 7 shows that asset managers
that trade longer maturities and have larger maturity dispersion tend to have larger interest rate
exposures.

Overall, the results indicate that average maturity is the only variable that have a positive
(negative) association with interest rate exposures (hedging) across all three NBFI sectors (though
note that the marginal effect is much larger among hedge funds (0.28) than in the other two
sectors). All other variables considered in this analysis have a differential effect on the sector’s
average hedging behaviour, which highlights the heterogeneous nature of NBFI activities.

6 Concentration in Interest Rate Derivatives Markets

6.1 Stylised Facts

In our estimates of the average fund exposures by sector, there is a striking result for the hedge fund
sector (Table 3): the estimated interest rate exposure of the average hedge fund in the derivatives
market is close to zero (-0.09) on an unweighted basis, but very large (0.47) and statistically
significant when we weight by size. This could be because the within-sector derivatives exposures
are concentrated among a few particularly large hedge funds. To explore this possibility, we
decompose the total gross positions of hedge funds (shown in Figure 2b) into the top five hedge
funds by size, and compare them to the rest of the hedge fund sector. (At the request of the data
owner, we do not present the units on the vertical axis of any of these charts.)

Panel B of Figure 11 presents this concentration analysis for the hedge fund sector. The results
show a remarkable level of concentration in this market over the sample period. Just five hedge
funds, with very large short duration positions (receive floating, pay fixed), account for a very
large share of the total derivatives positions of the hedge fund sector. They account for almost all
of the variance in the sector’s aggregate derivatives notional over time during the sample period.24

[Figure 11]

Figure 11 also presents the decomposition for the LDI-PI (panel A) and asset manager sectors
(panel B). We find substantial concentration in the LDI-PI sector: the five LDI-PI firms with

24Given the quantitative importance of a few hedge funds in interest rate swap markets, we revisit the stylised
facts on profitability (Figure 6) to explore their concentration: we find that the increase in the aggregate profitability
in the sector over the sample period has been entirely driven by the top five largest hedge funds. This analysis
suggests that the speculative behaviour we discussed above can be explained by the idiosyncratic behaviour of
relatively few investors that have taken on large short duration positions that have resulted in very high profitability
during the hiking cycle ex post.
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the largest gross positions explain around half of the sector’s total gross position, and this con-
centration is even larger in interest rate options. The concentration in swap positioning among
asset managers is also sizeable, with five funds explaining around 20-30% of total gross notional;
concentration in options is even larger with five funds explaining 80-90% of total options notionals.

Overall, our results suggest that there is substantial concentration in derivatives usage across
NBFI sectors. In our knowledge, these results are novel and have not been documented in the
literature yet.

6.2 Implications for Monetary Policy

To illustrate the aggregate implications of derivatives market concentration, we estimate how
concentration affects the propagation of monetary policy shocks to asset prices. As an application,
we focus on the interest rate swap market, given the importance of this market in analysing short-
term interest rates in the UK.25 To measure market concentration, we use our fund-level data on
the outstanding notional of clients i = 1, 2, . . . N from all three NBFI sectors, and construct a
Herfindahl index at the end of each month t as follows:

HIt =
Nt∑
i=1

s2
i,t, (6.1)

where si,t = notionali,t/
∑Nt
i=1 notionali,t. The obtained time-series are plotted in Figure 12, in-

dicating substantial cyclical variation during our sample. To explore the implications for the
monetary policy transmission, we first sort trading days into two groups based on whether the
previous end-of-month value of the concentration measure is below or above its median (0.12).
Given these two groups of days g = {g1, g2}, we estimate the following daily time-series regression:

∆OISRatemt =
2∑
c=1

ηc × 1[t ∈ gc]×MPShockt + εt, (6.2)

where 1[t ∈ gc] is an indicator function equal to 1 if trading day t belongs to group g, and 0
otherwise. As a measure of monetary policy shocks, we use target shock (Swanson, 2021; Braun,
Miranda-Agrippino, and Saha, 2022) as in section 5.5.

[Table 8]

Table 8 presents the results for five separate versions of regression 6.2, corresponding to matur-
ities m = 1year, . . . , 5year. Panel A presents the estimated linear effects of the monetary policy
shocks, indicating a fairly fast decay of the effect along the maturity spectrum in our sample

25Unlike in the US, there are few outstanding government bonds at short-maturities in the UK, which makes it
difficult to use bond prices to estimate short-term interest rates in the UK.
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(2019m11-2022m11) and finding a statistically significant effect only at one-year maturity. Panel
B shows the estimates when the effect of monetary policy shocks is conditioned on the level of
market concentration. We find that when the monetary policy shock arrives at the swap market
when concentration is low, then the effect on swap rates is close to one-to-one and statistically
significant across the 1-5 year maturities. In contrast, we find virtually no effect on the swap curve
when market concentration is high.26

In addition, we explore the dynamic effects of monetary policy by estimating the following
regression:

OISRate1Y
t+T −OISRate1Y

t−1 =
2∑
c=1

ηc × 1[t ∈ gc]×MPShockt + εt, (6.3)

where the left-hand-side variable is the cumulative change in the one-year swap rate over different
horizons, T = {0, 1, 5, 10}, measured in trading days. Table 9 shows that the dynamic effects
are close to one-to-one, statistically significant and persistent when market concentration is low.
In contrast, when market concentration is high, we find significant estimates only for the con-
temporaneous effect, implying a more transitory propagation of the monetary policy shock over
time.27

[Table 9]

One possible interpretation of these results is that market concentration affects monetary policy
propagation via changing market liquidity. Based on our conversations with market practitioners,
the activity of ‘text-book arbitrageurs’ (e.g. relative value hedge funds) to smooth the sterling
swap curve in response to shocks tends to be limited when the market is dominated by either
preferred habitat-investors (e.g. LDI-PI firms) or a few speculators who take directional bets
regarding the future developments of monetary policy (e.g. discretionary hedge funds who started
shorting interest rates when the hiking cycle began during 2021Q4 – Figures 2-3). When market
concentration is driven by these investors and if ‘text-book’ arbitrage activity is limited, then the
market can be thought of as more illiquid.28 The validity of this mechanism of course depends on
whether arbitrageurs are unable or unwilling to participate in the swap market, when certain LDI-
PI clients demand more liability hedging or when certain discretionary hedge funds make larger
bets on future macroeconomic developments. A possible avenue for future research is to test this

26To show that these estimates are not driven by the chosen proxy for monetary policy shock, Table 14 in
Appendix re-estimates the regressions after we replace the target shock with changes in the 3-month OIS rate (as
an alternative proxy for short-term interest rates) in the same 30-minute window around MPC announcements.
The results remain quantitatively similar to our baseline.

27As shown by Table 15 in Appendix, the dynamic effects are similar when we replace the target shock with
shocks to the 3-month OIS rate around MPC events.

28Recent empirical evidence indeed shows that the monetary policy transmission to the yield curve is enhanced
when market liquidity is higher (Guimaraes, Pinter, and Wijnandts, 2023b).
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mechanism rigorously by disentangling arbitrageurs’ ability and willingness to participate in the
given market. This would likely requires a structural modelling approach in place of reduced-form
regression analysis.

7 The Effects of Monetary Policy on Hedging Behaviour

A main result of our paper is related to how mark-to-market values in NBFI investors’ derivatives
positions co-move with interest rates. However, month-to-month changes in derivatives positions
can be driven by valuation changes in existing derivatives contracts (i.e. ‘via stocks’) or valuation
changes in contracts that have been recently entered into (i.e. ‘via new flows’). To study this issue
further, this section estimates how new hedging activity by NBFI sectors at higher (i.e. daily)
frequency responds to surprise changes in monetary policy and how these effects are influenced
by market concentration as defined in Section 6. Note that this question is also interesting in its
own right, as there is relatively little empirical evidence on how interest rate policy impacts NBFI
derivatives usage.

We estimate the following daily time-series regression:

NetNotionalst,t+T = β ×MPShockt + εt, (7.1)

where NetNotionalst,t+T is the total net notional (measured in £ billions) in sterling interest
rate swaps taken out by sector s ∈ {LDI − PI,Hedge Funds,Asset Managers} up to T days
following the realisation of the shock on day t; MPShockt is target shock (Swanson, 2021; Braun,
Miranda-Agrippino, and Saha, 2022) used in the previous sections. We estimate regression 7.1
separately for each sector s, with the results presented in Figure 13.

[Figure 13]

We find that following surprise increases in the interest rate the LDI-PI sector increases net
notional (top-left panel), i.e. enters into new swap contracts whereby it receives the floating rate
and pays the fixed rate on the swap. Recall that the LDI-PI sector tends to have large negative
net positions that are fairly stable over time (Figure 2), consistent with these firms using swaps
to hedge against discount rate risk in their management of long-term pension liabilities (Blake
2003; BMO 2018; Pinter 2023; Jansen, Klingler, Ranaldo, and Duijm 2023). The results in Figure
13 imply that the LDI-PI sector reduces its large negative net positions (in absolute value), by
receiving the floating rate on new swap contracts, which amounts to an increase of around $20
billion 3-4 days after a 1% surprise increase in the target rate.

We find that the response of hedge funds is more immediate and an order of magnitude larger
than the LDI-PI sector (though the 90% confidence bands include zeros as well); whereas we
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find the weakest evidence for asset managers who do not seem to react to the monetary policy
shock. Regarding the large response of the hedge funds, our discussions with market practitioners
suggest that the observe hedge fund behaviour could be interpreted as certain funds extrapolating
unexpected interest rate hikes (starting in 2021Q4) into expected further hikes in the future,
receiving the floating rate on large new swap positions. While this is consistent with the stylised
facts regarding the sharp changes in hedge fund positioning around this period (Figures 2–3), a
rigorous identification of this mechanism could be subject to future research.

A further interpretation of the results is that the estimated dynamic effects are consistent with
the risk-taking channel of monetary policy (Maddaloni and Peydro, 2011; Borio and Zhu, 2012;
Dell’Ariccia, Laeven, and Marquez, 2014; Adrian, Estrella, and Shin, 2019; Martinez-Miera and
Repullo, 2019; Bauer, Bernanke, and Milstein, 2023). Given the linearity of regression 7.1, one
could interpret Figure 13 as an unexpected loosening of monetary policy leading to the LDI-PI and
hedge fund sectors taking on more interest rate risk. In other words, these sectors would now pay
the floating rate on new swap positions, thereby exposing them to larger mark-to-market losses
should interest rates unexpectedly rise from that point on. However, we acknowledge that this
interpretation is suggestive given that our sample period (2019-2022) is dominated by an interest
rate hiking cycle.

Moreover, we connect these results with the findings of the previous section by decomposing
the sectoral responses in Figure 13 into those driven by the five largest firms in each sector (in
term of total notional) and the rest. That is, we compute the dynamics of total signed notional
on new swap contracts (left-hand-side variable of regression 7.1) separately for the two sets of
investors in each of the three NBFI sectors.

[Figure 14]

As shown by Figure 14, virtually the entire baseline effect (presented in Figure 13) is driven
by those selected firms in each sector where most of the sector’s swap notional is concentrated.29

This further corroborates the point presented in Section 6 that a few, systemically important firms
in derivatives markets have sizeable effects on the monetary policy propagation.

8 Conclusion

A rapidly expanding literature in economics and finance has studied the interest rate exposures of
banks. However, empirical evidence on the interest rate exposures of non-banks (NBFI) has been
rather scant, mainly due to data limitations. Our paper fills this gap in the literature by using

29As shown by Figure 17 in Appendix, the dynamic effects are similar when we replace the target shock with
shocks to the 3-month OIS rate around MPC events.
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transaction-level data to analyse the distribution of interest rate risk across a range of market
participants in the UK government bond and interest rate derivatives markets.

Overall, we find little evidence that the average participant in interest rate derivatives markets
hedges its gilt market exposure. We find that these markets are dominated on the one hand by
large numbers of preferred habitat investors, such as LDI-PI, taking persistent positions to hedge
their contractual pension liabilities, and on the other hand a small number of hedge funds taking
large speculative positions. Importantly, we find that interest rate derivatives markets are highly
concentrated in the NBFI sectors, which could lead to greater risk of market disruptions. A small
number of participants account for a large share of interest rate exposures, which could lead to
dealer losses and infrastructure disruptions as they are hit with uninsurable idiosyncratic shocks.
We also find evidence that this market concentration could impair the transmission of monetary
policy to asset prices, which could also limit the signal that monetary policymakers should infer
from these markets about macroeconomic developments and policy expectations.
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Figures and Tables

8.1 Figures

Figure 1: Distribution of Gilt Cumulative Purchases Across Sectors

Notes: this figure shows the cumulative gilt purchases across the three NBFI sectors as well as others. The LDI-PI sector includes
pension funds, insurance companies and asset managers with an LDI remit. Other includes the purchases of the Bank of England as
well as the trades by commercial banks, building societies, foreign government entities (such as foreign central banks) among others.
To construct this chart we pool trades between the ZEN (2011-2017) and MIFID2 (2018-2023) datasets.
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Figure 2: Sectoral Aggregates in the Sterling Interest Rate Swap Market

(a) Total (Gross) Notional

(b) Signed (Net) Notional

Notes: these bar charts summarise the positioning of different sectors in the sterling interest rate swap market where the reference
rate is SONIA or GBP LIBOR. The top panel shows the total (gross) notional for each sector. The bottom panel shows the signed
(net) notional. The LDI-PI sector includes pension funds, insurance companies and asset managers with an LDI remit. Other includes
commercial banks, foreign government entities (such as foreign central banks) among others. Dealers are those dealer banks that act
as gilt-edged market markers (GEMM) in the gilt market.
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Figure 3: Sectoral Aggregates in the Sterling Interest Rate Swap Market: Maturity Breakdown

Notes: these bar charts summarise the positioning of different sectors in the interest rate swap markets at the end of 2021Q3 (upper
panel) and 2021Q4 (lower panel). Positive (negative) values indicate receiving (paying) the floating rate on the swap. The LDI-PI
sector includes pension funds, insurance companies and asset managers with an LDI remit. Other includes commercial banks, foreign
government entities (such as foreign central banks) among others. Dealers are those dealer banks that act as gilt-edged market markers
(GEMM) in the gilt market.
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Figure 4: Sectoral Aggregates in the Sterling Futures Market

(a) Total (Gross) Notional

(b) Signed (Net) Notional

Notes: these bar charts summarise the positioning of different sectors in the sterling futures market. The top panel shows the total
(gross) notional for each sector. The bottom panel shows the signed (net) notional. The LDI-PI sector includes pension funds, insurance
companies and asset managers with an LDI remit. Other includes commercial banks, foreign government entities (such as foreign central
banks) among others. Dealers are those dealer banks that act as gilt-edged market markers (GEMM) in the gilt market.
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Figure 5: Sectoral Aggregates in the Sterling Interest Rate Options Market: Total (Gross) Notional

Notes: this bar chart summarise the total notional (in £ billions) of different sectors in the sterling interest rate options market. The
LDI-PI sector includes pension funds, insurance companies and asset managers with an LDI remit. Other includes commercial banks,
foreign government entities (such as foreign central banks) among others. Dealers are those dealer banks that act as gilt-edged market
markers (GEMM) in the gilt market.
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Figure 6: Dynamics of NBFI Profitability and Interest Rates

(a) Hedge Funds

(b) LDI-PI

(c) Asset Managers

Notes: the figures show the cumulative changes in P&L along with the 10-year yields over the 2021m11-2023m2 period.
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Figure 7: Decomposing Profitability on Interest Rate Derivatives: Swaps vs Options vs Futures

(a) Hedge Funds (b) LDI-PI

(c) Asset Managers

Notes: the figures show the cumulative changes in P&L on interest rate swaps, options and futures (separately and combined) over the
2021m11-2023m2 period.
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Figure 8: Time-Variation in Interest Rate Exposures

(a) LDI-PI
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Notes: this figure plots the estimated β coefficients from variants of regression 5.2 using rolling estimation windows. The first (last)
estimation window cover the period 2019m11-2021m11 (2021m2-2023m2). To reduce noise, we winsorise the profitability measures the
1%-level. The shaded area denotes the 90% confidence band associated with the estimated β coefficients, It is based on robust standard
errors, using two-way clustering at the day and the fund level.
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Figure 9: Within-Sector Variation in Interest Rate Exposures
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Notes: this figure plots the distribution of β coefficients obtained from regressions 5.3. We group fund-level exposures by NBFI sectors,
shown by the three histograms. The left-hand panels show equal weighted histograms, whereas the right-hand-panels show histograms
where the frequency weights are the average monthly trading volume of the given fund.
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Figure 10: The Relationship Between Risk Exposure and Size
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Notes: the scatter plots show the relationship between the absolute value of fund-level interest rate exposures and size (measured by
the average monthly trading volume in logs).
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Figure 11: Concentration in UK Interest Rate Derivatives Markets: Top 5 Notional vs Rest

(a) LDI-PI

(b) Hedge Funds

(c) Asset Managers

Notes: the bar chart shows the total gross notional in the three NBFI sectors in the sterling interest rate swap market (left column),
options market (middle column) and futures market (right column). The red bars correspond to the positions of the five funds with
the largest notional in the given market and sector, and blue charts correspond to the total positions of all other funds that are active
in our sample of interest rate swap, futures and options contracts. (At the request of the data owner, we do not present the units on
the vertical axis of any of the charts.)
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Figure 12: Concentration in the UK Interest Rate Swap Markets over Time: Monthly Time-series
of the Herfindahl Index
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Notes: the figure shows the monthly time-series of the Herfindahl index in the UK interest rate swap market. To construct the index,
we apply formule 6.1 to all available swap transactions for clients in the NBFI sectors (hedge funds, LDI-PI, asset managers) as in
Figure 11.

Figure 13: The Effect of Monetary Policy Shocks on NBFI Swap Activity
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Notes: this figure plots the estimated β coefficients from variants of regression 7.1, where we use the target shock (Swanson, 2021;
Braun, Miranda-Agrippino, and Saha, 2022) as a proxy for monetary policy surprises. The estimation uses daily data covering the
period 2019m11-2022m11. The shaded area denotes the 90% confidence band associated with the estimated β coefficients, based on
Newey-West standard errors.
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Figure 14: The Effect of Monetary Policy Shocks on NBFI Swap Activity: Top Notional Firms vs
Rest of the Firms
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Notes: this figure plots the estimated β coefficients from variants of regression 7.1, where we use the target shock (Swanson, 2021;
Braun, Miranda-Agrippino, and Saha, 2022) as proxy a for monetary policy surprises. The left panel shows the responses of the top
five firms (in terms of total notional) in each sector, and the right panel shows the responses of all other firms in each sector. The
estimation uses daily data covering the period 2019m11-2022m11. The shaded area denotes the 90% confidence band associated with
the estimated β coefficients, based on Newey-West standard errors.
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8.2 Tables

Table 1: Extensive Margin of Derivatives Usage among Gilt Investors

Swap Usage Options Usage Futures Usage N

LDI-PI 44.7% 6.6% 27.2% 1520

Hedge Funds 32.8% 27.0% 27.8% 122

Asset Managers 14.6% 4.5% 27.7% 1747

Total 28.7% 6.3% 27.6% 3389

Note: this table presents summary statistics on the use of interest rate swaps, options and futures among our sample of gilt market
investors, comprising 3389 funds over the sample 2019m11-2023m2.

Table 2: Sector-level Risk Exposures to Interest Rates

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

Panel A: LDI-PI

MIFID MIFID+ZEN Sw.+Opt.+Fut. Swap Options Futures

DV01 (£m) -218.50*** -565.27*** -413.19*** -414.57*** -2.62*** 4.01***

(-14.60) (-13.11) (-17.73) (-17.81) (-3.75) (2.89)

N 39 39 39 39 39 39

R2 0.794 0.770 0.861 0.864 0.342 0.066

Panel B: Hedge Funds

DV01 (£m) 27.30*** 27.30*** 2.90 4.98** -4.65*** 2.57***

(6.36) (6.36) (1.05) (2.52) (-4.17) (6.15)

N 39 39 39 39 39 39

R2 0.771 0.771 0.035 0.251 0.219 0.582

Panel C: Asset Managers

DV01 (£m) -59.50*** -198.08*** -5.23*** -4.09*** -1.72*** 0.57**

(-15.75) (-11.57) (-11.95) (-12.00) (-3.02) (2.32)

N 39 39 39 39 39 39

R2 0.857 0.787 0.744 0.838 0.306 0.030

Note: this table shows the estimation results for regression 5.2. We estimate the regressions for the LDI-PI (Panel A) sector, hedge
funds (Panel B) and asset managers (Panel C) separately. T-statistics in parentheses are based on robust standard errors. Column
(1) shows the results for gilt market returns using the MIFID II data (2018-2023) only and column (2) shows the results for gilt
market return where the ZEN dataset (2011-2017) was additionally used to estimate gilt holdings by cumulating observed flows. This
adjustment is not applied to the hedge fund sector, because its cumulative flows result in non-positive values by the end of the ZEN
dataset. Column (3) shows the returns for swaps, options and futures combined, and columns (4)-(5)-(6) show the results separately
for swaps, options and futures, respectively. Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).
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Table 3: Average Interest Rate Risk Exposures

LDI-PI Hedge Funds Asset Managers

Total Gilts Derivatives Total Gilts Derivatives Total Gilts Derivatives

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Equal-weighted Exposures

βF 1 -0.39*** -0.27*** -0.35*** 0.16* 0.30*** -0.09 -0.18*** -0.19*** -0.12***

(-13.09) (-8.36) (-12.62) (1.91) (3.23) (-1.08) (-3.96) (-4.08) (-3.61)

N 24806 24806 24377 1695 1695 1500 9988 9988 9636

R2 0.183 0.107 0.147 0.047 0.114 0.034 0.064 0.071 0.035

Size-weighted Exposures

βF 1 -0.49*** -0.38*** -0.49** 0.36* 0.21 0.47* -0.24 -0.26 -0.12

(-3.14) (-2.72) (-2.68) (1.74) (1.58) (1.78) (-1.29) (-1.12) (-1.65)

N 24806 24806 24338 1695 1695 1461 9988 9988 9319

R2 0.268 0.184 0.273 0.146 0.067 0.233 0.083 0.093 0.022

Note: this table shows the estimation results for regression 5.2. We estimate the regressions for the LDI-PI (columns 1-3) sector, hedge
funds (columns 4-6) and asset managers (columns 7-9) separately. We employ three return definitions: on gilt and derivatives positions
combined (‘total’), and on gilt and derivatives (including swaps, options and futures) positions separately. To reduce noise, we winsorise
the profitability measures at the 1%-level. T-statistics in parentheses are based on robust standard errors, using two-way clustering at
the month and fund level. Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).

Table 4: Decomposing the Exposure of the LDI-PI Sector

PI LDI

Total Gilts Derivatives Total Gilts Derivatives

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

Equal-weighted Exposures

βF 1 -0.36*** -0.28*** -0.27*** -0.45*** -0.25*** -0.53***

(-10.81) (-7.56) (-8.45) (-9.87) (-5.12) (-12.51)

N 16934 16934 16661 7872 7872 7716

R2 0.162 0.114 0.089 0.231 0.093 0.317

Size-weighted Exposures

βF 1 -0.34 0.05 -0.37* -0.74*** -0.64*** -0.80***

(-1.67) (0.48) (-1.71) (-8.42) (-4.40) (-10.44)

N 16934 16934 16622 7872 7872 7716

R2 0.153 0.048 0.172 0.567 0.434 0.663

Note: this table shows the estimation results for regression 5.2. We estimate the regressions for pension funds and insurance companies
(columns 1-3) and LDI managers (columns 4-6) separately. We employ three return definitions: on gilt and derivatives (including
swaps, options and futures) positions combined (‘total’), and on gilt and derivatives positions separately. To reduce noise, we winsorise
the profitability measures at the 1%-level. T-statistics in parentheses are based on robust standard errors, using two-way clustering at
the month and fund level. Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).
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Table 5: Average Exposures to Monetary Policy Shocks

LDI-PI Hedge Funds Asset Managers

Total Gilts Derivatives Total Gilts Derivatives Total Gilts Derivatives

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Equal-weighted Exposures

βF 1 -0.53*** -0.37*** -0.50*** 0.37* 0.68** -0.37* -0.32** -0.21*** -0.29*

(-3.93) (-4.53) (-2.91) (1.94) (2.08) (-1.72) (-2.60) (-2.85) (-1.79)

N 22907 22907 22511 1543 1543 1363 9220 9220 8895

R2 0.149 0.069 0.130 -0.029 -0.069 -0.073 0.014 0.033 -0.006

Volume-weighted Exposures

βF 1 -0.70*** -0.52*** -0.68*** 0.49** 0.49 0.51*** -0.31** -0.23 -0.37*

(-2.97) (-4.19) (-2.88) (2.70) (1.68) (2.78) (-2.61) (-1.38) (-1.84)

N 22907 22907 22475 1543 1543 1327 9220 9220 8602

R2 0.212 0.149 0.225 0.061 -0.063 0.169 0.062 0.070 -0.025

Note: this table shows the estimation results for variants of regression 5.2 where the interest rate factor is instrumented by the total
monthly monetary policy surprise based on the high-frequency measure of the target shock (Swanson, 2021) obtained from Braun,
Miranda-Agrippino, and Saha (2022). We estimate the regressions for the LDI-PI (columns 1-3) sector, hedge funds (columns 4-6) and
asset managers (columns 7-9) separately. We employ three return definitions: on gilt and derivatives (including swaps, options and
futures) positions combined (‘total’), and on gilt and derivatives positions separately. To reduce noise, we winsorise the profitability
measures at the 1%-level. T-statistics in parentheses are based on robust standard errors, using two-way clustering at the month and
fund level. Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).

Table 6: Average Monthly Gilt Market Activity of NBFIs: Volume And Number of Transactions

Trading Volume Transactions

£ billion % Number %

(1) (2) (3) (4)

LDI-PI 96.2 29.8% 16,597 36.3%

Hedge Funds 168.4 52.1% 8,351 18.2%

Asset Managers 58.7 18.2% 20,818 45.5%

Total 323.3 100.0% 45,766 100.0%

Note: this table presents summary statistics on monthly gilt trading activity of the three NBFI sectors in our sample, covering the
period 2019m11-2023m2. Columns (1) and (2) report average trading volumes in billions and as %-shares, respectively. Columns (3)
and (4) report average number of transactions.
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Table 7: The Determinants of Interest Rate Exposures

LDI-PI Hedge Funds Asset Managers

(1) (2) (3)

Size (Trade Volume) 0.01 0.17*** -0.01

(0.72) (3.65) (-1.05)

Trade Frequency 0.04** -0.03 0.03

(2.06) (-0.56) (1.29)

Average Maturity 0.14*** 0.28*** 0.06***

(4.61) (3.04) (3.07)

Maturity Dispersion -0.03 -0.33*** 0.05***

(-1.15) (-2.95) (5.04)

Buy-Sell Dispersion -0.08*** -0.01 -0.01

(-2.68) (-0.06) (-0.28)

N 620 37 232

r2 0.091 0.478 0.184

Note: this table presents the estimation results for regression 5.4. T-statistics in parentheses are based on robust standard errors.
Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).

Table 8: Monetary Policy Transmission and Market Concentration in the UK Interest Rate Swap
Market

(1) (2) (3) (4) (5)
1Y-OIS 2Y-OIS 3Y-OIS 4Y-OIS 5Y-OIS

Panel A: Linear Effects of Monetary Policy Shocks
Target Shock 0.77** 0.55 0.39 0.27 0.19

(2.10) (1.22) (0.82) (0.59) (0.43)
N 777 777 777 777 777
R2 0.020 0.007 0.003 0.002 0.001
Panel B: Heterogeneous Effects of Monetary Policy Shocks
Target Shock # Low Concentration 1.09*** 0.95*** 0.89*** 0.87** 0.83**

(4.51) (3.90) (2.81) (2.38) (2.19)
Target Shock # High Concentration 0.71* 0.48 0.31 0.18 0.09

(1.71) (0.94) (0.58) (0.35) (0.19)
N 757 757 757 757 757
R2 0.020 0.007 0.004 0.003 0.002

Notes: this table regresses the daily change in OIS rates (obtained from the Bank of England yield curve database) on monetary policy
shocks interacted with dummy variables indicating whether the previous month-end market concentration in the sterling interest rate
swap market was above or below the median value, as in 6.2. The monetary policy shock is measured as the target shock (Swanson,
2021) obtained from Braun, Miranda-Agrippino, and Saha (2022). T-statistics in parentheses are based on robust standard errors.
Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).
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Table 9: Monetary Policy Transmission and Market Concentration in 1-year OIS Rates: Dynamic
Effects

(1) (2) (3) (4)
0-day 1-day 5-day 10-day

Target Shock # Low Concentration 1.09*** 0.87*** 1.00*** 0.92***
(4.51) (4.85) (4.08) (2.61)

Target Shock # High Concentration 0.71* -0.86 -1.56 -0.95
(1.71) (-0.63) (-0.80) (-0.49)

N 757 756 752 747
R2 0.020 0.010 0.009 0.002

Notes: this table regresses the daily change in the one-year OIS rate (obtained from the Bank of England yield curve database) over
different horizons on monetary policy shocks interacted with dummy variables indicating whether the previous month-end market
concentration in the sterling interest rate swap market was above or below the median value, as in 6.3. The monetary policy shock is
measured as the target shock (Swanson, 2021) obtained from Braun, Miranda-Agrippino, and Saha (2022). T-statistics in parentheses
are based on Newey-West standard errors. Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).
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A Appendix

A.1 Tables

Table 10: Average Interest Rate Risk Exposures – Including the Slope Factor

LDI-PI Hedge Funds Asset Managers

Total Gilts Derivatives Total Gilts Derivatives Total Gilts Derivatives

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Equal-weighted Exposures

βF 1 -0.39*** -0.27*** -0.35*** 0.15* 0.27*** -0.06 -0.16*** -0.18*** -0.11***

(-13.38) (-8.65) (-12.21) (1.86) (3.49) (-0.96) (-4.48) (-4.00) (-4.01)

βF 2 -0.01 -0.02 -0.02 0.09*** 0.18*** -0.15*** -0.10*** -0.08*** -0.06***

(-0.41) (-0.97) (-1.25) (2.75) (4.73) (-5.19) (-9.20) (-4.36) (-3.81)

N 24806 24806 24377 1695 1695 1500 9988 9988 9636

R2 0.183 0.108 0.148 0.055 0.147 0.058 0.076 0.077 0.039

Size-weighted Exposures

βF 1 -0.48*** -0.38** -0.49*** 0.34* 0.19 0.45* -0.23 -0.25 -0.10

(-3.18) (-2.66) (-2.80) (1.75) (1.57) (1.80) (-1.22) (-1.06) (-1.64)

βF 2 -0.02 -0.00 -0.01 0.10 0.12 0.11 -0.09*** -0.09*** -0.10**

(-1.34) (-0.15) (-0.13) (1.44) (1.42) (1.07) (-6.93) (-5.73) (-2.64)

N 24806 24806 24338 1695 1695 1461 9988 9988 9319

R2 0.269 0.184 0.273 0.155 0.082 0.245 0.092 0.102 0.033

Note: this table shows the estimation results for regression 5.2, where we include as an additional regressor the second principal
component of the yield curve. We estimate the regressions for the LDI-PI (columns 1-3) sector, hedge funds (columns 4-6) and asset
managers (columns 7-9) separately. We employ three return definitions: on gilt and derivatives (including swaps, options and futures)
positions combined (‘total’), and on gilt and derivatives positions separately. To reduce noise, we winsorise the profitability measures
at the 1%-level. T-statistics in parentheses are based on robust standard errors, using two-way clustering at the month and fund level.
Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).
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Table 11: Average Interest Rate Risk Exposures – Exposure to 1-year Yields

LDI-PI Hedge Funds Asset Managers

Total Gilts Derivatives Total Gilts Derivatives Total Gilts Derivatives

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Equal-weighted Exposures

β1Y -0.29*** -0.22*** -0.27*** 0.17** 0.32*** -0.14* -0.19*** -0.18*** -0.12***

(-6.65) (-5.47) (-8.30) (2.22) (3.98) (-1.77) (-5.94) (-5.08) (-4.32)

N 24806 24806 24377 1695 1695 1500 9988 9988 9636

R2 0.108 0.077 0.085 0.049 0.123 0.046 0.068 0.069 0.035

Volume-weighted Exposures

β1Y -0.36*** -0.29** -0.35** 0.31* 0.24* 0.38 -0.24 -0.26 -0.14**

(-2.80) (-2.68) (-2.24) (1.69) (1.92) (1.53) (-1.56) (-1.35) (-2.09)

N 24806 24806 24338 1695 1695 1461 9988 9988 9319

R2 0.150 0.118 0.146 0.114 0.081 0.158 0.080 0.089 0.029

Note: this table shows the estimation results for regression 5.2, where we replace the first principal component of yields (as regressor)
with the time-series of one-year yields in first differences. We estimate the regressions for the LDI-PI (columns 1-3) sector, hedge funds
(columns 4-6) and asset managers (columns 7-9) separately. We employ three return definitions: on gilt and derivatives (including
swaps, options and futures) positions combined (‘total’), and on gilt and derivatives positions separately. To reduce noise, we winsorise
the profitability measures at the 1%-level. T-statistics in parentheses are based on robust standard errors, using two-way clustering at
the month and fund level. Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).

Table 12: Average Interest Rate Risk Exposures – Exposure to 10-year Yields

LDI-PI Hedge Funds Asset Managers

Total Gilts Derivatives Total Gilts Derivatives Total Gilts Derivatives

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Equal-weighted Exposures

β10Y -0.38*** -0.27*** -0.35*** 0.18** 0.34*** -0.12 -0.20*** -0.20*** -0.13***

(-13.22) (-9.74) (-12.01) (2.10) (3.91) (-1.49) (-5.26) (-4.75) (-4.62)

N 24806 24806 24377 1695 1695 1500 9988 9988 9636

R2 0.173 0.103 0.144 0.053 0.135 0.042 0.072 0.076 0.038

Size-weighted Exposures

β10Y -0.48*** -0.37*** -0.48** 0.37* 0.23 0.48* -0.25 -0.27 -0.14*

(-3.16) (-2.86) (-2.55) (1.70) (1.65) (1.71) (-1.40) (-1.20) (-1.90)

N 24806 24806 24338 1695 1695 1461 9988 9988 9319

R2 0.259 0.172 0.261 0.153 0.073 0.247 0.089 0.099 0.029

Note: this table shows the estimation results for regression 5.2, where we replace the first principal component of yields (as regressor)
with the time-series of ten-year yields in first differences. We estimate the regressions for the LDI-PI (columns 1-3) sector, hedge funds
(columns 4-6) and asset managers (columns 7-9) separately. We employ three return definitions: on gilt and derivatives (including
swaps, options and futures) positions combined (‘total’), and on gilt and derivatives positions separately. To reduce noise, we winsorise
the profitability measures at the 1%-level. T-statistics in parentheses are based on robust standard errors, using two-way clustering at
the month and fund level. Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).
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Table 13: Average Exposures to Monetary Policy Shocks (3-month OIS rates)

LDI-PI Hedge Funds Asset Managers

Total Gilts Derivatives Total Gilts Derivatives Total Gilts Derivatives

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Equal-weighted Exposures

βF 1 -0.52*** -0.36*** -0.50** 0.37 0.64* -0.34 -0.31* -0.17 -0.31

(-3.42) (-3.84) (-2.27) (1.44) (1.75) (-1.39) (-1.91) (-1.56) (-1.38)

N 22907 22907 22511 1543 1543 1363 9220 9220 8895

R2 0.151 0.071 0.129 -0.029 -0.040 -0.054 0.016 0.034 -0.013

Volume-weighted Exposures

βF 1 -0.66** -0.51*** -0.64** 0.46** 0.44 0.42 -0.21 -0.10 -0.37

(-2.30) (-3.43) (-2.19) (2.08) (1.48) (1.63) (-0.92) (-0.29) (-1.42)

N 22907 22907 22475 1543 1543 1327 9220 9220 8602

R2 0.227 0.150 0.238 0.075 -0.033 0.179 0.065 0.044 -0.026

Note: this table shows the estimation results for variants of regression 5.2 where the interest rate factor is instrumented by the total
monthly monetary policy surprise based on the high-frequency changes in the 3-month sterling OIS rate obtained from Braun, Miranda-
Agrippino, and Saha (2022). We estimate the regressions for the LDI-PI (columns 1-3) sector, hedge funds (columns 4-6) and asset
managers (columns 7-9) separately. We employ three return definitions: on gilt and derivatives (including swaps, options and futures)
positions combined (‘total’), and on gilt and derivatives positions separately. To reduce noise, we winsorise the profitability measures
at the 1%-level. T-statistics in parentheses are based on robust standard errors, using two-way clustering at the month and fund level.
Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).

Table 14: Monetary Policy Transmission and Market Concentration in the UK Interest Rate Swap
Market: Alternative Shock Series

(1) (2) (3) (4) (5)
1Y-OIS 2Y-OIS 3Y-OIS 4Y-OIS 5Y-OIS

Panel A: Linear Effects of Monetary Policy Shocks
3M-OIS Shock 0.88*** 0.70* 0.56 0.44 0.36

(2.87) (1.83) (1.38) (1.13) (0.95)
N 777 777 777 777 777
R2 0.037 0.016 0.009 0.006 0.004
Panel B: Heterogeneous Effects of Monetary Policy Shocks
3M-OIS Shock # Low Concentration 0.90*** 0.72*** 0.70*** 0.71** 0.70**

(4.02) (4.01) (2.64) (2.16) (1.97)
3M-OIS Shock # High Concentration 0.87** 0.70 0.52 0.38 0.28

(2.32) (1.48) (1.06) (0.81) (0.62)
N 757 757 757 757 757
R2 0.037 0.016 0.009 0.007 0.005

Notes: this table regresses the daily change in OIS rates (obtained from the Bank of England yield curve database) on monetary policy
shocks interacted with dummy variables indicating whether the previous month-end market concentration in the sterling interest rate
swap market was above or below the median value, as in 6.2. The monetary policy shock is measured as high-frequency changes in
the 3-month OIS rate, obtained from Braun, Miranda-Agrippino, and Saha (2022). T-statistics in parentheses are based on robust
standard errors. Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).
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Table 15: Monetary Policy Transmission and Market Concentration in 1-year OIS Rates: Dynamic
Effects

(1) (2) (3) (4)
0-day 1-day 5-day 10-day

3M-OIS Shock # Low Concentration 0.90*** 0.67*** 0.86*** 0.90***
(4.02) (5.26) (4.14) (2.77)

3M-OIS Shock # High Concentration 0.87** -0.19 -0.58 -0.25
(2.33) (-0.15) (-0.32) (-0.15)

N 757 756 752 747
R2 0.037 0.002 0.002 0.001

Notes: this table regresses the daily change in the one-year OIS rate (obtained from the Bank of England yield curve database) over
different horizons on monetary policy shocks interacted with dummy variables indicating whether the previous month-end market
concentration in the sterling interest rate swap market was above or below the median value, as in 6.3. The monetary policy shock is
measured as high-frequency changes in the 3-month OIS rate, obtained from Braun, Miranda-Agrippino, and Saha (2022). T-statistics
in parentheses are based on Newey-West standard errors. Asterisks denote significance levels (* p<0.1, ** p<0.05, *** p<0.01).

A.2 Figures

Figure 15: Illustrating the Gilt P&L Computation

Notes: this figure illustrates the computation of the gilt P&L (equations 3.3–3.6), using a hypothetical example.
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Figure 17: The Effect of Monetary Policy Shocks on NBFI Swap Activity: Top Notional Firms vs
Rest of the Firms
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Notes: this figure plots the estimated β coefficients from variants of regression 7.1, where high-frequency changes in the 3-month OIS
rates are used as monetary policy shocks (Braun, Miranda-Agrippino, and Saha, 2022). The left panel shows the responses of the top
five firms (in terms of total notional) in each sector, and the right panel shows the responses of all other firms in each sector. The
estimation uses daily data covering the period 2019m11-2022m11. The shaded area denotes the 90% confidence band associated with
the estimated β coefficients, based on Newey-West standard errors.
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Figure 16: Within-Sector Variation in Interest Rate Exposures
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(b) Hedge Funds
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(c) Asset Managers
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Notes: this figure plots the distribution of β coefficients obtained from regressions 5.3. We group fund-level exposures by NBFI sectors,
shown by the three histograms. The left-hand panels show equal weighted histograms, whereas the right-hand-panels show histograms
where the frequency weights are the average monthly trading volume of the given fund.
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