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Abstract

This paper estimates trading costs in the off-the-run Treasury market using compre-
hensive transactions data and machine learning techniques. The analysis reveals several
key findings that enhance the understanding of the off-the-run Treasury market liquid-
ity. First, the indicative bid-ask spread is shown to be a biased measure of liquidity, even
when not considering transaction volume. Specifically, bid-ask spreads systematically
overstate trading costs of more seasoned Treasuries, and the liquidity of benchmark, on-
the-run securities affects how off-the-run bid-ask spreads map to trading costs. Second,
the paper demonstrates that trading costs may scale non-monotonically with transaction
volume, which suggests selective, opportunistic liquidity-taking. Additionally, transac-
tion size has greater effect on off-the-run securities’ trading costs when benchmark, on-
the-run liquidity is lower. Finally, indicative bid-ask spreads may notably overstate trad-
ing costs for larger orders of relatively less liquid securities. These findings contribute
to our understanding of actual liquidity in the off-the-run Treasury market, while high-
lighting the limitations of a traditional liquidity measure. By providing a more nuanced
view of trading costs, this study contributes valuable insights for supporting financial
stability and optimal asset allocation.
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1 Introduction

The U.S. Treasury market is the deepest fixed income market in the world. Market liquidity
— ability to transact significant amounts without temporarily dislocating prices — allows the
Treasury market to serve as a benchmark for valuation and a source of near risk-free collat-
eral. However, Treasury market functioning became a concern at the height of the COVID-19
crisis (e.g., see [Logan) 2020; Fleming and Ruela, [2020; Duffie et al., 2023) The March 2023
SVB collapse and the April 2025 trade tensions led to two more episodes of severely strained
Treasury market liquidity. Furthermore, the supply of Treasury securities has been increas-
ing relative to the primary dealers’ ability to intermediate in this market (see [Duffie} 2023,
2025). As a result, the functioning of the Treasury market is likely to remain a key focus for
both regulators and investors.

The Treasury market has two major segments that differ in their microstructure and, con-
sequently, liquidity. First, there are on-the-run Treasuries — most recently-issued securities
for a given maturity date. On-the-run Treasuries have much higher trading volumes than
other Treasuries, with a significant proportion of trades being on centralized markets with
firm quotesE] However, on-the-run Treasuries are only a small fraction of the notional of all
outstanding marketable Treasury debt. Second, there are off-the-run Treasuries — all Trea-
sury securities that are not on-the-run. In contrast to on-the-run securities, off-the-run Trea-
suries trade infrequently in a decentralized, bilateral market providing indicative quotesﬁ
Due to this microstructure of the off-the-run Treasury market, its liquidity is difficult to
gauge.

In this paper, I suggest an estimate of the effective the bid-ask spread measure (see Dem-

Adrian et al/(2025) considers Treasury market liquidity over a longer timeline starting from the GFC.

“A firm quote with an associated volume is a commitment of a liquidity provider to trade in that size if
requested to do so.

Indicative quotes are not firm commitments to trade, and the price of a potential trade is may be set upon
further negotiations.



setz, 1968) for the off-the-run Treasury market liquidity largely based on actual tradesﬁ
The core components of the suggested method for the assessment of actual trading costs
in the off-the-run Treasury market are (i) reliance on off-the-run Treasuries’ transaction data
along with firm quotes for on-the-run Treasuries and (ii) state-of-the-art machine learning
approach to fitting the term structure of benchmark, on-the-run rates. The method relies
on the on-the-run Treasuries” quotes as the source of most recent information on changes in
the benchmark interest rate term structure. In turn, periodic snapshots of indicative quotes
enable the estimation of idiosyncratic price components of particular off-the-run securities.
The machine learning-based method of Filipovi¢ et al.|(2022) for fitting the term structure of
interest rates — the second critical component of the suggested method — delivers sufficient
accuracy and stability to estimate the term structure of benchmark, on-the-run rates at each
moment when a trade in an off-the-run security occurs

Having constructed a measure of trading costs for off-the-run Treasuries, I explore how it
deviates from indicative liquidity. First, I document biases in indicative bid-ask spreads that
are unconditional on transaction volume. In particular, indicative bid-ask spreads tend to
systemically overstate trading costs for more seasoned securities. Another bias of indicative
bid-ask spreads results from their failure to reflect benchmark, on-the-run Treasury market
liquidity. When benchmark, on-the-run liquidity is degraded, indicative bid-ask spreads
for off-the-run securities translate into greater trading costs. This bias is of particular signifi-
cance for assessing financial stability —a market dysfunction resulting from prohibitive trad-
ing costs in the off-the-run Treasury market may occur at lower off-the-run bid-ask spread
levels than a simpler linear regression model may suggest.

Second, overcoming the inherent limitation of indicative quotes, I explore the effect of

transaction size on price. While indicative bid-ask spreads do not provide information on

4Bid-ask spread is the difference between the lowest price at which a security may be bought and the highest
price at which the security may be sold.
5Subject to considering trades that occur during the BrokerTec platform’s active hours.



how trading costs scale with the size of an order, effective bid-ask spreads are associated
with particular transaction volumes. Within a non-parametric framework for modeling how
trading costs vary with transaction volume, I estimate the corresponding scaling laws condi-
tional on either benchmark liquidity or relative liquidity of the specific off-the-run security.
I show how the effect of volume on trading costs in the off-the-run market varies with the
liquidity conditions in the benchmark, on-the-run Treasury market: worse benchmark lig-
uidity translates into higher trading costs in the off-the-run market, even controlling for the
correspondingly wider off-the-run securities” indicative bid-ask spreads. Finally, I demon-
strate that indicative bid-ask spreads may notably overstate expected trading costs for larger
transaction volumes of relatively less liquid off-the-run securities. More generally, I obtain
evidence in favor of selective liquidity taking — endogeneity of trading in response to avail-

able liquidity.

Literature

In the remainder of this section, I place this paper within the framework of the existent
research. In particular, there are three strands of research that this paper contributes to:
(i) liquidity measurement in the decentralized, bilateral Treasury off-the-run market; (ii)
differences between indicative and actual liquidity; and (iii) scaling of trading costs with
transaction volume.

First, the suggested method for the calculation of the effective bid-ask spread contributes
to the literature on liquidity measurement in the off-the-run Treasury market. The opacity
of the off-the-run Treasury market shifted research focus to the liquidity in the on-the-run
Treasury market, for which there is ample excellent research by Fleming| (2001) among oth-
ers. In contrast, liquidity in the off-the-run market is the subject of far fewer studies. Due to
sparseness of trades in specific off-the-run Treasuries, the indicative bid-ask spread (or some

transform thereof) is a prominent measure of Treasury market liquidity, as in |Pasquariello



and Vega (2009) and |Goyenko et al. (2011). Another strand of literature relies on liquidity
measures that are more similar to price impact. Among these papers, Babbel et al.|(2004) is
conceptually closest to the approach I adopt in this paper. [Babbel et al.| introduces a price
pressure measure in the off-the-run Treasury market, which is the difference between a syn-
thetic ‘on-the-run price’ — price of the security obtained by discounting cash flows using the
interest rate term structure from on-the-run Treasuries — and the actual trade price for rela-
tively low volume transactions. Similar to Babbel et al., I also use on-the-run Treasuries as
the benchmark for most up-to-date pricing, but fit the term structure using the more flexible
model of [Filipovi¢ et al.|(2022) instead of the Nelson and Siegel (1987) parametric modelﬁ
The approach of |Babbel et al. also relies on the identification of whether the trade was ini-
tiated by the buy or sell side based on the assumption that $1mm trades have a negligible
effective bid-ask spread. In contrast, using indicative quotes I circumvent the necessity to
identify the trade-initiating side and, instead, directly estimate the spread between cash
flow equivalent on- and off-the-run securities. Among other papers in the strand of litera-
ture going beyond indicative bid-ask spreads are Furfine and Remolona|(2002) and Diaz and
Escribano (2017). Furfine and Remolonal uses the Hasbrouck! (1991) price impact measure
to estimate liquidity over longer periods based on daily returns. Diaz and Escribano uses a
set of measures including the Amihud| (2002) measure and their version of the Jankowitsch
et al.[(2011) dispersion measure. Finally, the spread between on- and off-the-run Treasuries
is commonly referred to as the liquidity premium, as in Diaz and Escribano, However, this
spread captures not only liquidity but differing financing costs of on- and off-the-run secu-
rities, (Krishnamurthy, 2002), as well as repo counterparty risk, (Liu and Wu, 2017).
Second, this paper contributes to the literature on differences in indicative and actual lig-
uidity. In equity markets, Blume and Goldstein! (1992) demonstrates notable differences be-

tween the effective and displayed spread, with the differences being affected by the posted

8 Andersen|(2007) argues that parametric models do not allow for sufficient flexibility and are not in common
use by market makers — a critical requirement for obtaining a benchmark, on-the-run interest rate term structure.



volume available at the quotes. In the market for collateralized loan obligations, Hender-
shott et al.| (2024) shows that indicative quotes in over-the-counter markets may lead to an
overestimate of available liquidity when failed attempts to trade are ignored. In this pa-
per, I uncover several biases in indicative bid-ask spreads. In particular, indicative bid-ask
spreads overestimate trading costs for seasoned and relatively less liquid securities. More-
over, I show that reliance on the regular relationship between indicative and effective bid-
ask spreads leads to an underestimate of the liquidity deterioration in the off-the-run Trea-
sury market during periods of low benchmark, on-the-run Treasury market liquidity. This
evidence augments the results in |Furfine and Remolonal (2002) that off-the-run securities’
liquidity — as measured by price impact — deteriorates proportionately more than on-the-
run securities” liquidity during periods of market stress.

Finally, this paper contributes to research on how trading costs scale with transacted
volume in decentralized, bilateral markets. The majority of existent empirical results are
for CLOB-driven markets, with the notable exception of Babbel et al.| (2004). Bouchaud et
al|(2009), Farmer et al. (2006), and [Lillo and Farmer| (2004) among others find that trading
costs are non-linear in transaction volume. A notable distinction of this paper from most
empirical studies in the field is that I allow for the scaling law to vary with market condi-
tions and relative liquidity of the security. Therefore, I consider conditional scaling laws.
Furthermore, I find evidence in support of selective liquidity taking — large trades get exe-
cuted when liquidity is high. This finding complements Hendershott et al. (2024) that draws

attention to unobserved failed trades when available liquidity is low.

The rest of the paper is organized as follows. In Section |2} I suggest a method for cal-
culating the effective bid-ask spread for off-the-run Treasuries. In Section 3| I explore the
relationship between actual and indicative liquidity by comparing the statistical properties

of effective bid-ask spreads and price improvements relative to indicative bid-ask spreads.



In conclusion of that section, I identify various biases in indicative bid-ask spreads using
the linear mixed effects modeling framework. In Section 4} I extend the linear mixed effects
model to obtain scaling laws for the conditional dependence of the effective bid-ask spread
on transacted volume. I allow the scaling with volume to depend on benchmark, on-the-run
Treasury market liquidity in Section [4.T]and on relative liquidity characteristics of securities
in Section In Section |5 I reiterate the main results of the paper and suggest topics for
further research. Finally, in a series of appendices, I provide some background details, as
well as explore the robustness and extensions of results to various closely related Treasury
market segments. In Appendix[A|I provide a brief overview of on- and off-the-run Treasury
market microstructure. Then, I consider (i) the effect of Alternative Trading Systems (ATS)
intermediation on liquidity in Appendix B} (ii) interconnectedness of liquidity in the dealer-
to-client and dealer-to-dealer segments in Appendix [C} and (iii) execution quality of retail

clients’ trades in Appendix @}

2 Effective Bid-Ask Spread for Off-the-Run Treasuries

The methodological framework of this paper has two components — (i) an algorithm for cal-
culating the effective bid-ask spread for off-the-run Treasuries, and (ii) a linear mixed model
framework that allows for random effects associated with each security, while enabling non-
parametric exploration of how the effective bid-ask spread scales with order size. I cover the
tirst component in this section and defer the description of the mixed modeling framework

until the time it is applied in Section [3.3|

2.1 Advantages over Competing Measure of Liquidity

The effective bid-ask spread (see Demsetz, 1968) is the difference between the trade price of

an asset and its fair value. The wider the absolute value of the effective bid-ask spread, the



greater the trading costs areﬂ The effective bid-ask spread is a measure of actual, experi-
enced liquidity for each individual transaction. Consequently, transaction characteristics —
like traded volume — are linked to each observation of the effective bid-ask spread.

The effective bid-ask spread has three main advantages over indicative bid-ask spreads.
First, the effective bid-ask spread is based on actual transactions and not mere indications of
where a generic trade could occur (absent possible negotiations). Second, the effective bid-
ask spread allows the exploration of how trading costs scale with volume, which is entirely
latent in indicative bid-ask spreads. There may not be a precise order size associated with
the quote. This is particularly the case for streamed quotes In general, a ‘normal market
size’ may serve as the implied potential transaction volume. However, what is ‘normal’ may
change depending on market conditions. Finally, due to the bilateral nature of trading in the
off-the-run Treasury market and multiple competing intermediaries, obtaining reliable best
indicative bid and ask prices for all off-the-run Treasuries may be prohibitively expensive
even for some market participants. In summary, market microstructure considerations favor
the effective bid-ask spread over the indicative bid-ask spread as a measure of liquidity in
the off-the-run Treasury market.

The effective bid-ask spread is also a more fitting measure for off-the-run Treasury lig-
uidity than price impact. Price impact —how much trade or order flow of a given magnitude
over a set execution horizon affects the market price —is a prominent metric in Central Limit
Order Book (CLOB) marketsﬂ On CLOB-based platforms, market participants split their
total desired transaction into multiple smaller child orders that they submit over time while
targeting a particular average execution price, with possible opportunistic deviations in re-

sponse to the CLOB dynamics. This manner of execution is supported, if not required, by

7Under the assumption that positive (negative) difference between the trade price of an asset and its funda-
mental value corresponds to buyer-initiated (seller-initiated) transactions.

8 As noted above, market makers may stream quotes to clients via their in-house platforms or external Alter-
native Trading Systems (ATS). In contrast to the request for quote (RFQ) protocol, clients do not contact dealers
to obtain quotes and, thus, hide their interest in a potential trade.

9BrokerTec platform is a prominent example of a CLOB-based market for on-the-run Treasuries.



the limited immediately available liquidity on the CLOB. In stark contrast, such execution
would be considered a breach of expected behavior in the bilateral market for off-the-run
Treasuries (see Wood, 2018). If a client splits a large order among multiple market makers,
the price of the asset is likely to move against the market makers as the information subse-
quently sips into the market. If a client were to engage in such order splitting, it may expect
to receive considerably less favorable quotes in its future interactions with market makersm
Thus, the atomic nature of the effective bid-ask spread that does not incorporate flows over
a period of time is more suitable for the off-the-run Treasuries market. In addition, as noted
in Hendershott et al.|(2024), accurate estimation of price impact at a daily frequency requires

more transactions than commonly occur in many individual off-the-run Treasuries.

2.2 Estimation Algorithm

The analytical definition of the effective bid-ask spread, adapted from |Hagstromer|(2021), is:

2D; (Pije — P, 1)
where Pf;”de is the transaction price and Pi{ ! " is the fair value of security i at time t; D; is
equal to 1 for buyer-initiated and —1 for seller-initiated trades. The scaling by 2 expresses
the effective bid-ask spread on the same scale as the indicative bid-ask spread. For transac-
tion prices I rely on the comprehensive Treasury Trade Reporting and Compliance Engine
(TRACE) data from the Financial Industry Regulatory Authority (FINRA). Since Treasury
TRACE data do not contain an explicit identifier of the side initiating a transaction, I make

the assumption that aggressive buying (selling) leads to positive (negative) deviations of the

0The same logic does not apply in centralized, CLOB-based markets. While the gradual execution of a large
order would also move the price against market makers that provided liquidity for the earlier child orders, the
anonymity on CLOB-based markets does not allow market makers to retaliate against clients in future interac-
tions based on their past behavior.



trade price from the fair value, that is, I set:
D; = sign (Plj — Pl .

In order to make the effective bid-ask spread comparable for securities of different maturi-

ties, I introduce the duration-normalized effective bid-ask spread:

trade _ pfair
Pi,t Pi,t

EBA;; =2- 2)

duration;; ’

where duration; ; measures the sensitivity of security i’s price to changes in interest rates at
time ¢ (its modified duration multiplied by its price). Normalization by duration expresses
the effective bid-ask spread in the yield space, rather than in the price space — duration-
normalized effective bid-ask spread is the parallel shift of the interest rate term structure that
would cause twice the dollar difference between the transaction price and the fair price of a
security. Such normalization of the effective bid-ask spread by duration enables comparison
and unified modeling of liquidity across the curve. For brevity, I henceforth refer to the
duration-normalized effective bid-ask spread in Eq. (2)) as the effective bid-ask spread.
While the definition of the effective bid-ask spread is straightforward, its estimation is
complex. The trade price is observed, but the fair value has to be estimated. The most com-
mon estimate of the fair value is the mid-point between the best bid and ask quotes at the
time of the trade. However,[Hagstromer (2021) shows that this fair value estimate biases the
effective bid-ask spread measure. Moreover, unlike in the equity market, best bid and ask
prices are opaque for off-the-run Treasury securities. Trading in off-the-run Treasuries is bi-
lateral and relatively reliable quotes from a specific dealer are available only via the request

for quote protocol; streamed quotes tend to be a notably rougher indication of priceErI Thus,

1 Clients cannot routinely request quotes from the entire universe of dealers to assess the true best bid and ask
quotes. Requesting quotes without a certain amount of trading would violate the market etiquette — in many
cases, generation of off-the-run Treasury quotes is not fully automated and is, thus, costly to the dealer.

10



some indicative quotes may differ from the best available bids and offers. Also, conversa-
tions with market participants indicate that market makers differ in the relative firmness of
their indicative quotes — with some being more reliable indications of the price at which a
trade can occur. Furthermore, in bilateral relationships the identities of counterparties are
known and market makers may shade their quotes based on their assessment of how in-
formed the client is (seeWood, 2018). Consequently, there is no single price that would be
available to all market participants.

Guided by the Treasury market microstructure, I estimate off-the-run Treasuries’ fair val-
ues based on transparent firm quotes for on-the-run Treasuries from the leading BrokerTec
ATS and indicative NPQS quotes from the Federal Reserve Bank of New York. In greater
detail, to calculate the fair value of an off-the-run Treasury, Pi,ta " 1 deconstruct it into the
benchmark and idiosyncratic price components, as follows.

The benchmark component of the off-the-run Treasury’s price is the price of the hypothet-
ical on-the-run security with equivalent cash flows — it reflects the interest rate term struc-
ture under conditions of high liquidity and low financing costs. An idiosyncratic component
of the off-the-run Treasury’s price captures the effects of lower liquidity and less favorable
financing of a specific security relative to the on-the-run benchmark. The benchmark com-
ponent reflects the information in news announcements and flows of funds. Consequently,
the benchmark component may be highly variable intraday. In contrast, the financing cost
and liquidity premia are relatively stable intraday — these premia primarily depend on the
financing and liquidity conditions over the remaining life of the bond

Due to higher liquidity and trading volumes in the on-the-run Treasury market, it is the

locus of Treasury price discovery. Thus, to estimate the benchmark price component I use

12Cheap financing and high liquidity benefit the investor over the holding period, and their values over
the remaining life of the security will likewise affect future holders of the security. Consequently, financing
and liquidity characteristics over the remaining life of the security determine the corresponding premia. That
said, value of liquidity can spike during market stress. In Section 3.1} I introduce a forecast accuracy filter that
mitigates the effect of such spikes on liquidity measurement, albeit at the cost of retaining fewer observations.

11



firm on-the-run Treasuries” quotes from one of the leading inter-dealer broker (IDB) Bro-
kerTec Alternative Trading System (ATS)F_SI Crucially, firm on-the-run Treasuries” quotes are
available at a high frequency, which precludes pricing based on stale information. Another
argument in favor of the on-the-run Treasury market as the source of the benchmark price
component is that off-the-run Treasuries can be quoted by dealers in terms of their spreads
to the corresponding on-the-run securities. Dealers also engage in swap box trading where
they effectively hedge their off-the-run Treasuries with on-the-run securities within a single
transaction. Finally, the differences between NPQS and BrokerTec ATS quotes for on-the-
run securities are generally negligible, suggesting that market makers refer to prominent
CLOB-driven ATS when quoting prices for on-the-run securities to reduce the probability of
being exploited by arbitrageurs.

A term structure model ingests firm on-the-run Treasury quotes to generate the bench-
mark price component for any Treasury characterized by its remaining cash flows. At each
trade time ¢ in Treasury TRACE data, I fit the state-of-the-art machine learning term struc-
ture model of Filipovic et al. (2022) To reiterate, the benchmark price component is the
value of a security’s cash flows when discounted using time ¢ fitted on-the-run term struc-
ture.

Next, to estimate the idiosyncratic price component — capturing the security’s financ-
ing and liquidity premia — I use indicative NPQS quotes at 08:40am, 11:30am, 2:15pm, and
3:30pm. For each NPQS quote snapshot, I fit a Filipovi¢ et al.| (2022) term structure model to
the NPQS quotes for on-the-run Treasuries. For each off-the-run Treasury security, the dif-

ference between the NPQS quote and the value of its cash flows when discounted using the

130ther prominent ATS include Dealerweb and Fenics UST. Due to principal trading firms being active on
all major ATS, the mid points between best bid and ask quotes on each major ATS must be sufficiently close to
prevent straightforward arbitrage.

14The term structure is fitted with the smoothness parameter A = 1 (before scale normalization), maturity
weight of « = 0.05, and tension parameter § = 0.001 (see |[Filipovic et al.,|2022, for details). I found that the
method of Filipovi¢ et al.| (2022) delivers superior bond yield forecasting accuracy relative to popular alterna-
tives, including [Fama and Bliss|(1987), Nelson and Siegel (1987), Tanggaard| (1997) and |Andersen| (2007).

12



fitted on-the-run term structure is the idiosyncratic price component. I take these idiosyn-
cratic price components to be constant between consecutive NPQS quote snapshots within
the trading day.

Finally, the fair value of an off-the-run Treasury i at time ¢, Pl{ f ir, is the time t benchmark
price component adjusted for the security’s idiosyncratic price component estimated at the

latest NPQS quote snapshot time that precedes time ¢.

3 Actual v. Indicative Liquidity

3.1 Sample Construction

The sample comprises dealer-to-client trades in nominal Treasury Notes and Bonds, cov-
ering the period from January 2018 to June 2024. ATS-intermediated dealer-to-client trades
and direct dealer-to-dealer trades are the subjects of Appendices[Bjand [C} respectively. I also
remove likely retail trades by considering transactions of at least $10mm in notional value;
I consider retail trades in Appendix @E]

Only transactions during the active trading hours between 8:40am and 5:00pm are re-
tained, which tempers the liquidity seasonality at the market opening. With most of the
repo trades done early in the trading day, the financing conditions are largely determined
before 8:40am. Thus, the assumption of stable intraday financing premiums in Section [2|is
more likely to hold for transactions that occur post 8:40am.

Since an accurate determination of the fair value is critical to the measurement of the
effective bid-ask spread, I retain transactions in securities for which the model achieves
accurate forecasts. Specifically, I consider intraday forecasts of mid-quotes at three snapshot

times — 11:30am, 2:15pm, and 3:30pmm I retain security i on day d in the sample when the

15This threshold is somewhat discretionary — it may also lead to the omission of very small institutional trades.
Also, wealthy individuals may transact in more than $10mm notional amount of Treasuries, but such trades are
likely to be relatively rare.

16The price forecasts are model estimates of fair values based on the most recent benchmark, on-the-run

13



maximum absolute value of the forecast error normalized by the indicative bid-ask spread

for security i on day d is less than one half. Analytic expression for this requirement is:

2

max - <
ask __ pbid
Pi,t Pi,t

. k. pbid
’Pfazr _ P+ P
it

7

N —

teT

where 7 = {d 11 : 30am,d 2 : 15pm,d 3 : 30pm} are indicative quote snapshot times on day
d.

As many off-the-run Treasuries trade rather infrequently, making it difficult to reliably
isolate the security-level effect from that of explanatory variables, I construct a sample of
actively traded securities. First, I select 250 off-the-run Treasury securities with the largest
number of trades in the full sample. Second, on any given trading day, I retain trades in a
security only if it traded at least 50 times during that day. These sample selection criteria
justify a caveat that the current analysis applies to the more liquid segment of the off-the-
run Treasury market. However, it is important to note that the sample is not dominated
by cheapest-to-deliver securities — securities that market participants prefer to deliver into
Treasury futures.

Finally, to further reduce the effect of outliers and non-obvious data-entry errors in Trea-
sury TRACE data, I aggregate effective bid-ask spreads over a set of volume bins that reflect
common trade sizes. Specifically, the effective bid-ask spread measure is set to its median
within each aggregation group defined by the tuple of the security identifier, trading day,

and volume bin, {i,d, v}:

id,v

EBAmed -— med ({EBAi,t}ted,veV> ’ ©

where i is the security index, t is the time of the trade, d is the trading day (t € d), med

quotes and prior estimates of idiosyncratic components. On each trading day, the quote snapshot at 08:40am is
necessary for estimating initial idiosyncratic price components and, thus, belongs to the in-sample period.

14



is the median operator, and V is the set of volume bins defined by the cutoff values of
{10,15,...,50, 60, ..., 100, 125, ...250}, in millions of dollars. Due to their rarity, I exclude trades
with notionals greater than $250mm.

In summary, such filtering and aggregation of Treasury TRACE data results in a sam-
ple of 101,978 observations of trades in 118 different Treasury securities over 1,589 trading
days. Other data sources include BrokerTec inter-dealer-broker ATS for on-the-run Trea-
sury quotes and the Federal Reserve Bank of New York NPQS for lower-frequency intraday

snapshots of all Treasury securities” quotes.

3.2 Distributions of Effective Bid-Ask Spreads and Price Improvements

In this section, I describe the empirical distributions of the effective and indicative bid-ask
spreads. Panel A of Figure [1| depicts the empirical density of the effective bid-ask spread.
While the majority of the effective bid-ask spreads fall in the zero to two basis points range,
the heavy right tail is evident even when the graph is truncated at 10 basis points. The
natural conjecture is that market participants obtain good execution for most transactions,
while paying substantially larger trading costs for a not insignificant number of transac-
tions. Panel A of Table[I|contains summary statistics for the effective and indicative bid-ask
spreads. The median of the effective bid-ask spread is below that of the indicative bid-
ask spread — suggesting better-than-expected execution for most trades. On the contrary,
the right tail is notably more pronounced for the effective relative to the indicative bid-ask
spread, as evidenced by the comparison of their 95 percentiles. Kurtosis of the indicative
bid-ask spread is above 21, while that of the effective bid-ask spread is an order of mag-
nitude larger still. The positive skew of the effective bid-ask spread distribution also far
exceeds the still notable skew of the indicative bid-ask spread.

To quantify the deviation between actual and expected execution quality, I suggest a

15



price improvement metric:

EBA;
IMPRVT; ;, = 1 — med { vt } , (4)
IBA; tedveV

where EBA;; is the effective and IBA;;_ is the indicative bid-ask spread for security i,
expressed in basis points, at times t and t— := max (s € {quote snapshot times} :s <t),
respectively. Thus, the price improvement is measured relative to the indicative bid-ask
spread — it is positive only when the effective bid-ask spread is less than the indicative
bid-ask spread, with the maximal improvement being unity. Negative price improvement
values correspond to trades where the effective bid-ask spread exceeds the corresponding
indicative bid-ask spread.

Panel B of Figure|(l|depicts the empirical probability density of price improvements. The
shape of the distribution validates the above conjecture that the majority of trades occur at
prices that are more favorable to the initiating side than indicative bid-ask spreads suggest.
One explanation for the apparent ubiquity of price improvements is that clients conduct
mini-auctions among market makers — a client obtains quotes from multiple market makers
and selects the quote corresponding to the smallest effective bid-ask spread. Another possi-
bility is that market makers see their quotes as a first step in negotiations and want to have
some leeway to provide their clients with a ‘good deal” relative to their initial indication.
Finally, indicative quotes may reflect quotes available for a generic client, while actual client
relationships allow for better prices available to preferred and less informed clients. Since
the majority of clients likely fall into the category of less informed market participants —
participants that do not have superior ability to forecast Treasury yields — we observe price
improvements for the majority of trades. There are also many trades that occur at prices that
are significantly worse to the initiating side than indicative bid-ask spreads suggest. This
may reflect either trading by informed clients or larger transaction volumes — I discuss the

latter possibility next.
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Figure 2| depicts empirical probability densities of effective bid-ask spreads and price im-
provements separately for trades of less than and greater than $50mm in notional value. The
probability of a lower effective bid-ask spread and a corresponding price improvement are
considerably higher for lower volume transactions. Panels B and C of Table|[l| contain sum-
mary statistics for effective bid-ask spreads and price improvements conditional on trans-
action volume of below and above $50mm, respectively. For smaller-volume transactions,
the 95" percentiles of the effective and indicative bid-ask spreads are nearly identical. On
the other hand, the right tail of the effective bid-ask spread, as measured by its 95" per-
centile, is considerably greater for larger-volume transactions. Finally, the median effective
and indicative bid-ask spreads are nearly identical for larger-volume transactions, with the

corresponding price improvements being rather modest for half the trades in this category.

3.3 Biases in Indicative Bid-Ask Spreads

In this section, I construct a series of linear mixed models to document biases in indicative
bid-ask spreads. The linear mixed model framework naturally fits the data structure — as
the same security may be traded multiple times during a given day, there is natural variance
error clustering associated with the grouping of observations by traded security. A linear

mixed model allows for random effects associated with each security:

EBA; = ao + a1 - IBA; + Xiy + ZiB + €, (5)

where i is the trade index, EBA and IBA are the effective and indicative bid-ask spreads,
respectively; X; is a vector of variables that may help detect biases in indicative bid-ask
spreads; {ag, a1, 7} are fixed effect coefficients; Z; is the i row of the n x s random-effects
model matrix — a sparse indicator matrix that captures the grouping of n observations by s
traded securities; § is the vector of random effects that have a multivariate normal distribu-

tion, N (0,%); €; is the noise term.
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To detect potential biases in indicative bid-ask spreads, I consider four model specifica-
tions that differ in explanatory variables, X;. Within the specification of Eq. , the hypoth-
esis of unbiased indicative bid-ask spreads corresponds to the joint restriction of g = 0,
#1 = 1, and v = 0. Table 2 contains maximum likelihood parameter estimates of these
models[”]

Model I is the benchmark specification corresponding to an empty set of control vari-
ables, X. The intercept is positive and significant, suggesting a constant bid-ask spread
component that is not represented by the variation in indicative bid-ask spreads. At the
same time, the coefficient in front of the indicative bid-ask spread is significantly below
unity, which aligns well with commonly observed price improvements noted in Section 3.2}
Thus, already a simple benchmark model suggests that indicative bid-ask spreads do not
translate nearly one-to-one to effective bid-ask spreads.

Model II introduces an interaction term between the indicative bid-ask spread and se-
curity’s relative age, IBA - RA. I define a security’s relative age as the ratio of the remain-
ing time to maturity to its original time to maturity. The significant negative coefficient in
front of IBA - RA suggests that market makers tend to quote overly conservative indicative
spreads for more seasoned securities. Consequently, measures of off-the-run v. on-the-run
liquidity premiums are inflated if they are based on indicative bid-ask spreads, especially
for more seasoned securities. In Model 11, the coefficient in front of the indicative bid-ask
spread is notably higher than in Model I, suggesting a closer correspondence between in-
dicative and effective bid-ask spreads for more recently issued securities; however, it still
remains significantly below unity. For a security that has just become off-the-run, a one ba-
sis point change in its indicative bid-ask spread translates into an expected 0.73 basis points

change in its effective bid-ask spread. As a result, a widening of indicative bid-ask spreads

7Maximum likelihood estimation follows Bates et al[(2015) — it involves repeated applications of penalized
least squares, which allows for expressions of various probability densities required for the calculation of the
log-likelihood.
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may exaggerate the magnitude of an actual liquidity deterioration.

Model III extends Model II by introducing an interaction term between the indicative
bid-ask spread and an indicator of whether the security is the cheapest-to-deliver (CTD) into
a Treasury futures contract, IBA - CTDEI CTD securities are Treasury securities that parties
holding short Treasury futures positions find most profitable to deliver into the futures, if
they were to make a delivery. Given the demand for CTD securities from the Treasury fu-
tures market participants (e.g., from Treasury cash-futures basis traders), CTD securities are
more likely to trade special in the repo market (resulting in cheaper financing) and exhibit
greater liquidity. The coefficient in front of the interaction term, IBA - CTD, is insignificant.
Thus, indicative bid-ask spreads properly reflect any effects induced by the CTD status of
Treasuries.

Model IV extends Model III by introducing an interaction term between the indicative
bid-ask spread in the off-the-run market and a measure of liquidity in the corresponding
maturity sector of the benchmark, on-the-run Treasury market. To some extent, Model IV
complements the conditional volume scaling analysis of Section 4.1} but in a simpler frame-
work. Next, I describe the construction of control variables for the on-the-run Treasury
market liquidity, which must be tailored to corresponding off-the-run securities.

Liquidity conditions can differ notably with a security’s maturity, as exemplified by no-
tably worse deterioration in the liquidity of shorter maturity Treasuries during the most
recent monetary policy tightening cycle. Recognizing maturity-dependent liquidity condi-
tions, I assign off-the-run Treasury securities to a set of duration groups Then, I assess
benchmark, on-the-run Treasury market liquidity conditions separately for each considered

duration group. Specifically, I first match each duration group to an appropriate on-the-run

I8CTD securities’ CUSIPs are identified based on data from J.P. Morgan Chase & Co., MorganMarkets and
DataQuery, https:/ /markets.jpmorgan.com.

YDuration is a measure of interest sensitivity that depends on the security’s remaining time to maturity. I
consider four duration groups {(1,2], (2,5], (5,10], (10, 30] }
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Treasury security@ Combining the above two maps, each off-the-run security, s may be as-
sociated with an on-the-run security ¢ (s). Then, for each trading day, I use a transform of
the time-weighted average bid-ask spread from the BrokerTec ATS as a measure of overall
benchmark, on-the-run market liquidity in the corresponding sector of the curveEfI A bid-
ask spread on the BrokerTec ATS is bounded from below by the corresponding tick size — the
minimal price change increment — prescribed by the trading platform. In general, tick sizes
differ for on-the-run Treasury securities of different maturities. To capture the liquidity con-
ditions in different sectors of the market on a common scale, I consider a security-specific
empirical cumulative probability of the bid-ask spread as the measure of the benchmark,

on-the-run Treasury market liquidity in a duration sector:
6; = ecdfy (BBAg(S)) ) 6)

where i is the transaction index for a trade in security s, belonging to a duration group that
maps to the on-the-run security ¢ (s), during trading day d; BBAZ(S) is the time-weighted
average — with weights corresponding to lengths of time during which each spread level
prevailed — bid-ask spread of the on-the-run benchmark, on-the-run Treasury security ¢ (s)
during trading day d; ecdfz ) is the empirical cumulative distribution function of the bid-
ask spread for on-the-run security ¢ (s). High values of 6 correspond to higher bid-ask
spreads for benchmark, on-the-run securities and, thus, lower benchmark liquidity.
Estimates of Model IV suggest that benchmark, on-the-run Treasury market liquidity
is a significant scaling factor for indicative bid-ask spreads. When benchmark, on-the-run
liquidity is low — 6 is high — changes in indicative bid-ask spreads have a greater impact

on the corresponding effective bid-ask spreads. This effect is sufficiently strong to make

20Tn detail, I use the 2-, 5-, 10-, and 30-year on-the-run Treasury securities as the corresponding benchmarks
for {(1,2],(2,5],(5,10], (10,30] } duration groups.

2ITime-weighted average bid-ask spread on day d is the weighted average of bid-ask spreads where weights
reflect the lengths of time that a given spread was observed during the active hours of trading day d.
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the coefficient in front of the unscaled indicative bid-ask spread, IBA;, insignificant. Thus,
the relationship between indicative and effective bid-ask spreads for off-the-run Treasuries
depends on liquidity in the benchmark, on-the-run Treasuries market. Section ] develops
these insights further by conditioning the dependence between the effective bid-ask spread
and transaction volume on liquidity in the on-the-run Treasuries market.

Since clients in the off-the-run Treasuries market do not commonly split their volumes
among multiple dealers to obtain their best prices, transaction volume is particularly rele-
vant for the effective bid-ask spread. Models of this section served to document biases in the
simplest framework, with the non-linear effects of volume left for exploration in the follow-
ing section. In Section[4} I focus on the relationship between the effective bid-ask spread and
transaction volume. However, already at this stage, I note that the bias of indicative bid-ask
spreads against more seasoned Treasury securities remains significant when controlling for
volume. Furthermore, Section extends the results on the effect of benchmark, on-the-
run Treasury market liquidity. Beyond illuminating the dependence between the effective
bid-ask spread and order volume, Section |4.1)may be seen as an extension of Model II that

controls for order volume within a flexible, non-parametric specification.

4 Scaling of Trading Costs with Order Volume

Several channels exist for why transaction volume affects the trade price and, thus, the effec-
tive bid-ask spread. First, the informational content of a trade may vary with volume, as in
Barclay and Warner| (1993). Second, to support larger transaction sizes, market makers need
to either carry a larger inventory on their balance sheet — the channel explored in Cohen et
al| (2023) — or be able to source a large amount of the security in the inter-dealer market.

The third channel is the endogeneity in liquidity-taking — large trades are entered into when
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there is sufficient liquidityF_ZI Thus, selective liquidity-taking would suggest that clients in
the off-the-run Treasury market are sufficiently sophisticated and opportunistic to seek to
avoid large price dislocations. Either one or, more likely, a combination of these channels
gives rise to complex scaling of the effective bid-ask spread with transaction volume.

Power law scaling is a common choice for modeling price impact’s dependence on vol-
ume (see Plerou et al., 2004; |[Zhang| 1999, among others). In this section I find that one-
dimensional power law models are overly restrictive for two reasons. First, selective lig-
uidity taking may cause a non-monotone relationship between the effective bid-ask spread
and transaction volume. Second, other explanatory variables — like benchmark, on-the-run
Treasury liquidity — can affect the dependence of the effective bid-ask spread on volume.
Ignoring such explanatory variables is tantamount to estimating an average scaling law, as
opposed to the scaling law conditional on relevant market and security-specific variables.

The linear mixed model framework is well-suited for modeling how the effective bid-ask
spread scales with transaction volume. First, the task requires retention of multiple trans-
actions for each security on any given trading day. Such data structure is supported by
a linear mixed model that accounts for random effects associated with each security. Sec-
ond, the shape of the relationship between trading costs and transaction volume may be
too complex for a simple polynomial model. The linear mixed model framework has the
advantage of allowing for non-parametric models of multivariate surfaces through the ten-
sor spline methodology of Wood et al.| (2013). In particular, bivariate tensor splines enable
the relationship between trading costs and transaction volume to be conditional on another
variable. I identify two conditioning variables that significantly affect the scaling relation-
ship —benchmark, on-the-run Treasury market liquidity conditions and the relative liquidity
of the off-the-run security.

To accommodate the dependence of the scaling law on another market or security-specific

2ZFarmer et al./(2004) suggests that large price moves occur due to market participants taking liquidity when
it is scarce.
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variable, I model the effect of volume via the two-dimensional tensor product smoothing
method of |Wood et al. (2013). Following the results of Section in all model specifica-
tions, I control for the indicative bid-ask spread and its interaction with the relative age of
the security. So, I extend the model specification in Eq.(5) to the non-parametric framework
of [Wood et al.| (2013):

EBA; = xo +ag - IBA; + a1 - IBA; x RA; + Z;f + 2L1]7; (Vi/ 61)

]

+ €i, (7)

where EBA; and IBA; are the effective and indicative bid-ask spreads for transaction 7 in
security s, IBA; x RA; is the interaction term between the indicative bid-ask spread and
security’s s relative age. 7T; (V;,0;) are unknown smooth functions of transaction volume,
V;, and of the explanatory variable, 0;, that affects the scaling relationship. The degree of
smoothness of functions ’7; (Vi 6;) is not known in advance but there is an associated penalty
functional, J; (T), for each function. L;j are, in general, known linear functionals.

In Section I show how the effective bid-ask spread scales with volume under dif-
ferent benchmark, on-the-run Treasury market liquidity conditions. Then, in Section I
explore whether the scaling is different for relatively less liquid securities among the off-the-

runs.

4.1 Scaling Law Conditional on Benchmark, On-the-Run Treasury Liquidity

In this section, I consider how the effective bid-ask spread scales with transaction volume
under different benchmark, on-the-run Treasury market liquidity conditions. The construc-
tion of a maturity sector-specific measure of benchmark liquidity conditions follows the
approach in Section [3.3]- specifically, I set 6; in Eq. (7) in accordance with the definition in
Eq. (6).

Figure3[shows the conditional effect of volume on the expected effective bid-ask spread,
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as well as the associated 95 percent confidence intervals. I consider the scaling law condi-
tional on either median or bad benchmark, on-the-run Treasury liquidity conditions, corre-
sponding to 8 = 0.5 and 6 = 0.75, respectively. Controlling for indicative bid-ask spreads,
when benchmark liquidity is low, transaction volume has a uniformly greater positive effect
on the effective bid-ask spread — indicating higher trading costs. This finding extends the
results of Model IV from Section [3.3]- indicative bid-ask spreads do not adequately capture
how off-the-run Treasury market liquidity changes with benchmark, on-the-run Treasury
liquidity conditions.

The relationship between the effective bid-ask spread and transaction volume is concave,
irrespective of benchmark, on-the-run liquidity conditions. A novel empirical finding is that
the effect of selective liquidity-taking — clients transacting in large volumes only when mar-
ket makers offer sufficiently attractive quotes — can make incremental order volume decrease
the expected effective bid-ask spread for sufficiently large transactions. The resulting non-
monotone dependence cannot be adequately described by classic power laws. The point at
which the effect of incremental volume on the effective bid-ask spread becomes negative is
at a lower volume level under bad benchmark, on-the-run liquidity conditions. This obser-
vation suggests that selective liquidity-taking motive is stronger when benchmark liquidity

is lower.

4.2 Scaling Law for Securities of Varying Liquidity

In this section, I consider whether relatively less liquid securities exhibit different depen-
dence of the effective bid-ask spread on transaction volume. To determine the relative lig-
uidity of securities on a specific trading day, I rank securities within their duration groups
in accordance with their indicative bid-ask spreads. Then, I measure the relative liquidity
of the security by an empirical cumulative probability of the indicative bid-ask spread — a

fraction of securities with lower indicative bid-ask spreads within the duration group on a
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given day. The greater the measure, the less the relative liquidity of the security. Since the
ranking of securities is specific to both trading day and duration group, overall Treasury
market liquidity does not affect this measure of relative liquidity.

Analytically, the relative liquidity variable, 6; is:

91‘ = ecdfl/,,d (IBAZ) ’ (8)

where i is the transaction index for a trade in security s, belonging to duration group 1,
during trading day d; IBAJ is the simple average indicative bid-ask spread of security s
during trading day d, estimated by an average of the corresponding bid-ask spreads over
NPQS quote snapshots on day d; ecdfy ; is the empirical cumulative distribution function
of average indicative bid-ask spreads on day d for the duration group ¢. High values of
6 correspond to comparatively less liquid securities within their duration groups for the
particular trading day.

Figurefddepicts the conditional effect of volume on the expected effective bid-ask spread,
as well as associated 95 percent confidence intervals. I consider scaling laws conditional on
median and lower liquidity securities, corresponding to 8 = 0.5 and 6 = 0.75, respectively.
The level and shape of the scaling law for median liquidity securities is essentially similar to
the scaling law obtained when conditioning on benchmark, on-the-run market liquidity (see
Section above). For less liquid securities, the effect of volume is somewhat lessened for
transactions of modest volumes. The results are notably more pronounced for larger trans-
action volumes, albeit confidence intervals are also wider: indicative bid-ask spreads may
notably overstate trading costs for larger volumes of relatively less liquid off-the-run secu-
rities. Moreover, the threshold defining the region where selective liquidity taking prevails
occurs for notably smaller volumes. These results suggest that higher indicative bid-ask
spreads tend to be overly conservative relative to the median indicative bid-ask spreads.

In other words, indicative bid-ask spreads tend to present a somewhat distorted picture of
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relative liquidity across different off-the-run Treasuries. One explanation is that relatively
higher indicative bid-ask spreads may be biased by some dealers that prefer not to trade
in the particular security, while clients can still locate dealers that have no such preference

against the potential trade.

5 Conclusion

Actual liquidity experienced by clients in the off-the-run Treasury market can differ system-
ically and notably from the levels reflected in indicative bid-ask spreads. In particular, I
show that indicative bid-ask spreads are biased for seasoned Treasury securities, Moreover,
indicative bid-ask spreads have a greater effect on actual trading costs when benchmark,
on-the-run Treasury market liquidity is low.

While better-then-indicated execution is common for moderate transaction volumes, the
effective bid-ask spread of large trades can be substantially wider. Large order sizes incur
notable trading costs that are often far in excess of what indicative bid-ask spreads suggest.
And it is the capacity to transact in significant volume without causing price dislocations
that is necessary for securities to act as benchmarks and near risk-free collateral. Thus, the
dependence of the effective bid-ask spread on transaction volume — the scaling law — is
critical for assessing actual liquidity.

In agreement with earlier studies, I also find a non-linear relationship between trading
costs and transaction volume. In this paper, I introduce two key features that sharpen the
results. First, I consider the relationship between the effective bid-ask spread and trans-
action volume conditional on either benchmark, on-the-run Treasury market liquidity or
the relative liquidity of a particular security — this is in contrast to unconditional model-
ing that is prevalent in the existent literature. I find that both conditioning variables have
notable effects on the relationship between the effective bid-ask spread and transaction vol-

ume. Second, I obtain evidence of selective liquidity-taking — market participants time their
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large trades to coincide with the willingness of market makers to quote large volumes at
favorable prices. The inflection point where the effective bid-ask spread starts to decrease
with marginal transaction volume marks the start of the region where selective liquidity-
taking becomes the dominant factor. The resultant non-monotonicity of the effective bid-ask
spread’s dependence on transaction volume cannot be captured by power laws.

The empirical framework of this paper can support a number of directions for future
research into the off-the-run Treasury market liquidity. First, future research can model
liquidity heterogeneity — market makers may offer different quality of execution under var-
ious market conditions. If clients have strong ties to specific market makers — perhaps, due
to other lines of business — clients will be exposed to heterogeneous liquidity conditions
in the market. Furthermore, clients vary in their information advantage and negotiating
power. Resultant price discrimination by market makers may lead to vastly different lig-
uidity conditions for different clients. Second, future research can investigate the time series
aspects of aggregate liquidity in the off-the-run Treasury market. Specifically, it can explore
the association between aggregate liquidity in the off-the-run Treasury market and interest
rate uncertainty under various market conditions (possibly, along the lines of Meldrum and
Sokolinskiy, [2025). The off-the-run market liquidity’s sensitivity to interest rate uncertainty
may increase with the level of market stress. Such non-linearity may have notable financial

stability implications as it would magnify the probability of a market dysfunction.
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Table 1: Biases in Indicative Bid-Ask Spreads

Panel A. Entire sample

EBA IBA IMPRVT
5% quantile 0.03 0.18 -6.57
10% quantile 0.07 0.23 -1.65
50% quantile 0.37 0.68 0.50
90% quantile 2.79 2.72 0.90
95% quantile 6.22 4.16 0.95
mean 1.51 1.22 -1.30
sd 6.74 1.53 13.10
skew 36.93 3.53 -50.10
kurt 2188.18 21.40 4803.63

Panel B. Trades in less than $50mm notional

EBA IBA IMPRVT
5% quantile 0.03 0.19 -2.60
10% quantile 0.06 0.24 -0.71
50% quantile 0.32 0.71 0.55
90% quantile 2.09 2.75 0.91
95% quantile 4.29 4.16 0.95
mean 1.16 1.24 -0.50
sd 5.90 1.52 10.05
skew 49.79 3.44 -56.67
kurt 3704.79 20.77 4939.37

Panel C. Trades in more than $50mm notional

EBA IBA IMPRVT
5% quantile 0.05 0.18 -24.14
10% quantile 0.09 0.21 -8.80
50% quantile 0.62 0.62 0.20
90% quantile 6.27 2.62 0.85
95% quantile 12.41 4.15 0.93
mean 2.59 1.17 -3.76
sd 8.77 1.58 19.57
skew 21.53 3.79 -37.59
kurt 773.63 23.08 2879.57

Notes: This table reports the summary statistics for the effective bid-ask spreads, EBA defined in Eq. (3),
NPQS indicative bid-ask spreads IBA, and the price improvement, IMPRVT, defined in Eq. . The sample
consists of direct dealer-to-client trades from January 2018 to June 2024, filtered and aggregated as described
in Section Data sources: Financial Industry Regulatory Authority (FINRA), Bond Trade Dissemination
System (BTDS) and Trade Reporting and Compliance Engine (TRACE); information obtained from the repo

Inter Dealer Broker community; Federal Reserve Bank of New York, NPQS.
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Table 2: Biases in Quoted Bid-Ask Spreads

Modell Modelll Model III Model IV

X 0.91*** 0.81*** 0.81*** 0.99***
(0.04) (0.05) (0.05) (0.05)
IBA 0.48*** 0.73%** 0.73%** —0.07
(0.01) (0.03) (0.03) (0.07)
IBA-RA —0.51%** —0.51%** —0.15*
(0.05) (0.05) (0.06)
IBA-CTD —0.04 —0.02
(0.10) (0.10)
IBA -0 0.80***
(0.07)
BIC 677253.40 677180.44 677194.64 677073.21
Num. obs. 101,978
Num. cusips 118
Random effects variance 0.13 0.13 0.13 0.14

Notes: This table reports estimates of linear mixed models following the general specification in Eq. (5),
reproduced here for convenience:

EBA; = a9 + a1 - IBA; + X;y + Ziﬁ + €,

where EBA is the effective bid-ask spreads for trade i; IBA; is the indicative bid ask spread; X; is a vector
of control variables that identifies potential biases; {«g, a1, v} are fixed effect coefficients; Z; is the it" row of
the n x s random-effects model matrix — a sparse indicator matrix that captures the grouping of n observa-
tions by s traded securities; 8 is the vector of random effects that have a multivariate normal distribution,
N (0,%); €; is the noise term. Control variables include the interactions of indicative bid-ask spreads with
the following variables. RA is the relative age of the security, defined as the ratio of remaining time to matu-
rity to the original time to maturity. CTD is an indicator of whether the security is cheapest-to-deliver into
a front-month Treasury futures. 6 a security-specific empirical cumulative probability of the bid-ask spread
in the on-the-run Treasury market. The sample consists of direct dealer-to-client trades from January 2018 to
June 2024, filtered and aggregated as described in Section ¥, #*, * denote significance at the 0.1, 1 and
5 percent levels respectively. Data sources: Financial Industry Regulatory Authority (FINRA), Bond Trade
Dissemination System (BTDS) and Trade Reporting and Compliance Engine (TRACE); information obtained
from the repo Inter Dealer Broker community; Federal Reserve Bank of New York, NPQS; J.P. Morgan Chase
& Co., MorganMarkets and DataQuery, https:/ /markets.jpmorgan.com.
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Figure 1: Distributions of Effective Liquidity and Execution Quality

(a) Effective Bid-Ask Spread (b) Price Improvement
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NOTE: the effective bid-ask spreads, EBA, is defined in Eq. @ and the price improvement is defined in Eq. @ ; the graph is truncated
at 10 basis points. The sample consists of direct dealer-to-client trades from January 2018 to June 2024, filtered and aggregated as
described in Section@ Data sources: Financial Industry Regulatory Authority (FINRA), Bond Trade Dissemination System (BTDS)
and Trade Reporting and Compliance Engine (TRACE); information obtained from the repo Inter Dealer Broker community; Federal
Reserve Bank of New York, NPQS.

Figure 2: Distributions of Effective Liquidity and Execution Quality
Conditional on Volume

(a) Effective Bid-Ask Spread by (b) Price Improvement by
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NOTE: the effective bid-ask spreads, EBA, is defined in Eq. @ and the price improvement is defined in Eq. @ ; the graph is truncated
at 10 basis points. The distributions are conditional on transaction volume: trades of less than $50mm — blue-shaded distribution,
trades of $50mm or more — red-shaded distribution. The sample consists of direct dealer-to-client trades from January 2018 to June
2024, filtered and aggregated as described in Section Data sources: Financial Industry Regulatory Authority (FINRA), Bond
Trade Dissemination System (BTDS) and Trade Reporting and Compliance Engine (TRACE); information obtained from the repo Inter
Dealer Broker community; Federal Reserve Bank of New York, NPQS.
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Figure 3: Effect of Volume on Effective Bid-Ask Spread
Conditional on Benchmark, On-the-Run Liquidity
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NOTE: The expected effects of volume on the effective bid-ask spread conditional on benchmark, on-the-run liquidity, as estimated
based on specification in Eq. @), reproduced here for convenience:

EBAI =g +ag - IBAZ + a1 IBA, X RAl + Z,‘B7 + +€;,

ZLzﬂ? (Vi,6;)
j

where EBA; and IBA; are the effective and indicative bid-ask spreads for transaction i in security s, IBA; X RA; is the interaction term
between the indicative bid-ask spread and security s relative age; {ao, a1,} are fixed effect coefficients; Z; is the i row of the n x s
random-effects model matrix — a sparse indicator matrix that captures the grouping of n observations by s traded securities; j is the
vector of random effects that have a multivariate normal distribution, N (0,%); €; is the noise term; ’77 (V;,6;) are unknown smooth
functions of volume, V;, and of the explanatory variable. ; is the security-specific empirical cumulative probability of the bid-ask
spread, BBA, as the measure of benchmark, on-the-run Treasury market liquidity in a duration sector:

9,’ = ecdf§(5> (BBAg(S>> y

where i is the transaction index for a trade in security s, belonging to a duration group that maps to the on-the-run security ¢ (s),

during trading day d; BBA§<S) is the time-weighted average — with weights corresponding to lengths of time during which each
spread level prevailed - bid-ask spread of the on-the-run benchmark, on-the-run Treasury security ¢ (s) during trading day d; ecdfy(y)
is the empirical cumulative distribution function of the bid-ask spread for on-the-run security ¢ (s). High values of  correspond to
higher bid-ask spreads for benchmark, on-the-run securities and, thus, lower benchmark liquidity.

The scaling law conditional on median benchmark, on-the-run Treasury liquidity conditions, # = 0.5, is in blue. The scaling law
conditional on bad benchmark, on-the-run Treasury liquidity conditions, § = 0.75, is in red. The shaded regions correspond to the
95 percent confidence intervals. The dashed vertical lines mark the local maxima of the expected effects of volume on the effective
bid-ask spread.

Data sources: Financial Industry Regulatory Authority (FINRA), Bond Trade Dissemination System (BTDS) and Trade Reporting and
Compliance Engine (TRACE); information obtained from the repo Inter Dealer Broker community; Federal Reserve Bank of New York,
NPQS.
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Figure 4: Effect of Volume on Effective Bid-Ask Spread
Conditional on the Security’s Relative Liquidity
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NOTE: The expected effects of volume on the effective bid-ask spread conditional on the security’s relative liquidity, as estimated
based on specificationm reproduced here for convenience:

EBA; = ap + g - IBA; + a1 - IBA; X RA; + ZZ‘IB+ ZL,]'E (Vl‘,ei) +€;,

]

where EBA; and IBA; are the effective and indicative bid-ask spreads for transaction i in security s, IBA; X RA; is the interaction term
between the indicative bid-ask spread and security s relative age; {ao, a1,} are fixed effect coefficients; Z; is the i row of the n x s
random-effects model matrix — a sparse indicator matrix that captures the grouping of n observations by s traded securities; j is the
vector of random effects that have a multivariate normal distribution, A/ (0, Z); €; is the noise term; 7; (V;,6;) are unknown smooth
functions of volume, V;, and of the explanatory variable. ; is the security- and trading day-specific empirical cumulative probability

of indicative bid-ask spreads:
9,’ =5 ecdflp,d (IBAZ) ’

where i is the transaction index for a trade in security s, belonging to duration group 1, during trading day d; IBA} is the simple
average indicative bid-ask spread of security s during trading day d, estimated by an average of the corresponding bid-ask spreads
over NPQS quote snapshots on day d; ecdfy 4 is the empirical cumulative distribution function of average indicative bid-ask spreads
on day d for the duration group ¢. High values of 6 correspond to comparatively less liquid securities within their duration groups

for the particular trading day.

The scaling law for a median liquidity security, # = 0.5, is in blue. The scaling law for a relatively illiquid security, § = 0.75, is in
red. The shaded regions correspond to the 95 percent confidence intervals. The dashed vertical lines mark the local maxima of the
expected effects of volume on the effective bid-ask spread.

Data sources: Financial Industry Regulatory Authority (FINRA), Bond Trade Dissemination System (BTDS) and Trade Reporting and

Compliance Engine (TRACE); information obtained from the repo Inter Dealer Broker community; Federal Reserve Bank of New York,

NPQS.
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Appendices

A Treasury Market Microstructure — On- v. Off-the-Run

With existent ample research into on-the-run Treasury market liquidity, it is important
to detail the causes making on-the-run and off-the-run Treasury market liquidity notably
different, and, thus, requiring a separate study of the off-the-run Treasury market.

Most trades in on-the-run Treasuries occur on alternative trading systems (ATS) that
offer the central limit order book (CLOB) protocol for matching buy and sell orders. The
CLOB contains time-prioritized queues of buy and sell orders at various price levels that
may be observed by all market participants. Thus, the CLOB provides a good indication
of immediately available liquidityF_gI

In contrast, off-the-run Treasury market liquidity is more opaque because trading oc-
curs bilaterally, even when intermediated by an ATS. A client willing to trade can ask
several market makers for quotes for a specific transaction volume and receive non-firm,
indicative quotes that could form the basis of further negotiations. Alternatively, some
market makers stream quotes to clients via their in-house platforms or external ATS al-
lowing potential clients to hide their intention to trade. Generally available streamed
quotes are, however, even less reliable indicators of where actual trades can occur@

Complete anonymity of participants in CLOB-based markets is another key differ-
ence between trading benchmark, on-the-run Treasuries via an inter-dealer broker ATS
and trading off-the-run Treasuries in the dealer-to-client Treasury market segment. Lack
of anonymity in direct bilateral trading allows market makers to discriminate against
‘toxic flow” — trades by well-informed clients with a track record of either predicting price
changes or executing in a manner that would move the price against the market maker
(see|Wood, 2018).

In summary, on-the-run and off-the-run Treasury markets have vastly different mi-

23While immediately available liquidity at the best prices is relatively modest and orders trading through
multiple levels of the book are rare under normal market conditions, market participants may observe the
CLOB's response to trades to infer the willingness of market makers to replenish the CLOB.

24This is natural given that market makers would prefer to discriminate among clients based on their
perceived ability to forecast future prices.
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crostructure that makes liquidity of even similar securities notably different.

Besides the economic importance of the off-the-run Treasury market, one more argu-
ment that recommends research into its liquidity is the opportunity to study a critical
decentralized market where bilateral relationships and search costs matter. While on-
the-run Treasuries often serve as barometers of liquidity, there is no simple relationship
between liquidity of on-the-run and off-the-run securities. Particularly during periods of
market stress, when there is a flight to quality, off-the-run Treasuries” liquidity tends to

suffer more than on-the-run Treasuries’ liquidity (see Furfine and Remolona, 2002)

B Trades Intermediated by Alternative Trading Systems

Market microstructure in the Alternative Trading System (ATS) intermediated sector dif-
fers from that of the direct dealer-to-client sector. Crucially, ATS may offer anonymity
to their participants, thereby removing the possibility of price discrimination by market
makers based on a client’s perceived sophistication. That said, curated markets that seek
to exclude “toxic’ flows from most informed participants have been a popular innovation.
In addition, anonymity removes the consideration of a client-dealer relationship. Finally,
ATS may offer a variety of trading protocols that suit different groups of market partici-
pants

In this section, I show how the effective-bid ask spread depends on transaction vol-
ume in the ATS-intermediated sector of the dealer-to-client market. First, I consider the
model specification in Eq. with 6 of Eq. (6) to allow for the effect of benchmark,
on-the-run Treasury market liquidity. Panel (A) of Figure depicts the impact of trans-
action volume on the expected effective bid-ask spread for client trades intermediated
by ATS, conditional on median and poor benchmark, on-the-run Treasury market lig-
uidity. Relative to the direct dealer-to-client trades, the dependence of the effective-bid

ask spread on transaction volume has a more complex shape for the ATS-intermediated

25The spreads between off-the-run and on-the-run Treasury yields compensate for liquidity differential
between the two types of securities. These spreads tend to widen notably during periods of market stress
(see|Warga, [1992; [Furfine and Remolonal 2002).

2600 single ATS may offer multiple trading protocols. Unfortunately, Treasury TRACE data do not contain a
variable indicating the protocol. I leave less direct ways of identifying the trading protocol for future research.
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trades — the mean effects function has both convex and concave regions. Similar to the
direct dealer-to-client market, I obtain evidence for selective liquidity taking — a region
where the expected effective bid-ask spread decreases with incremental volume. How-
ever, in the ATS-intermediated market, for even greater transaction volumes, selective
liquidity-taking loses its dominance. This may be an indication that orders where clients
do not have time discretion are more likely to be executed via an ATS. As in the case of
the direct dealer-to-client market, the effect of transaction volume on the effective bid-ask
spread is greater when overall Treasury market liquidity is low.

Second, I consider the model specification in Eq. (7) with 6 of Eq. (8) to allow for sys-
temic differences between securities of varying liquidity. Panel (B) of Figure depicts
the impact of transaction volume on the expected effective bid-ask spread for client trades
intermediated by ATS, for securities of median and low relative liquidity levels. Relative
to the direct dealer-to-client trades, the differences in the scaling laws for securities of
varying relative liquidity are much more modest. One notable attribute of the scaling law
for ATS-intermediated trades is a greater region of convexity, especially for lower relative
liquidity securities. Once again, this is evidence that selective liquidity-taking is more

prevalent in the direct dealer-to-client segment.

C Liquidity in the Dealer-to-Dealer Market

Dealer-to-dealer off-the-run Treasury market is also a decentralized, bilateral market —just
like the dealer-to-client market. However, there are important differences. First, trading
norms differ with respect to typical counterparty search patterns; in particular, explicit
mini-auctions may be less likely. Second, there is, arguably, less information heterogeneity
among leading dealers relative to that among clients.

While the microstructure differences between the dealer-to-dealer and dealer-to-client
markets are important, the two markets are closely tied. First, when a market maker does
not have the security requested by a client in its inventory, it can act as a (i) broker —
sourcing the security in the inter-dealer market on an agency basis, or (ii) dealer — selling

the security that it does not possess with the intention of obtaining it in the inter-dealer
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market later that business day — all done on a principal basisﬂ In summary, there are
apparent differences in the relationships between the participants in the dealer-to-client
and dealer-to-dealer markets, but also close links between the two exist.

Panels A and B of Figure depict the probability density plots of the effective bid-
ask spreads and price improvements, respectively, for transactions in the dealer-to-client
and dealer-to-dealer segments. The close links between the dealer-to-client and dealer-to-
dealer segments make the distributions of effective bid-ask spreads and price improve-

ments near identical in the two segments.

D Retail Trades

Retail investors are active in the Treasury market, likely constituting the majority of the
trade count, but not volume. Systemic differences in trading costs of retail and institu-
tional investors is due to information and relationship effects. First, retail clients are com-
monly seen as less ‘toxic’, that is, less informed@ Second, there is the offsetting factor in
the form of less value assigned to each retail client-dealer relationship. Third, dealers may
see their retail clients as less likely to shop around for better execution, as retail investors
are unlikely to be able to accurately assess execution quality.

While retail trades are not explicitly identified in Treasury TRACE data, transactions of
less than $1mm in notional may only be reasonably attributed to retail investors@ When
such small notional transactions occur between large dealers, it must mean that one dealer
sold Treasuries to a retail investor that the dealer did not have at the moment of receiving
the client’s order and had to immediately source the securities from another dealer.

Panels A and B of Figure depict the probability density plots of the effective bid-

27Thus, a dealer is effectively a broker-dealer, but the common practice is to refer to the market segment
as ‘dealer-to-dealer’ — and not ‘broker-dealer-to-broker-dealer” — for brevity. A market participant can sell a
security that it does not possess at the moment the transaction is entered into, with the intention of sourcing
it later, because Treasury markets settle on the next business day. The security can also be borrowed in the
specials repo market where a specific security is used as collateral. Finally, if a dealer cannot source the
security in time, a fail occurs and corresponding penalties are levied.

2Principal trading firms in the equity market are entering in special arrangements with brokerages to gain
access to such less-toxic trade flows.

2IRetail investors may also trade in larger notional amounts, but this would likely constitute a negligible
fraction of all trades.
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ask spreads and price improvements, respectively, for transactions of retail vis-a-vis in-
stitutional investors. There is clear evidence that retail investors get worse execution —
they pay higher effective bid-ask spreads and do not experience the same degree of price
improvement as institutional investors@ Thus, retail investors do not benefit from their
credible non-toxicity, while their inability to assess execution quality and the lack of suffi-

cient client-dealer relationship value result in wider effective bid-ask spreads.

30Gince retail trades are all in small volumes, analysis of the dependence of the effective bid-ask spread on
transaction volume is irrelevant for this market segment. Accounting for the effect of volume on the effective
bid-ask spread of institutional investors’ trades would make the results even more pronounced.
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Appendix Figures

Figure A-1: Conditional Effect of Volume on Effective Bid-Ask Spread for Client
Trades Intermediated by an ATS

(a) Conditional on Benchmark, (b) Conditional on Relative Liquidity
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NOTE: The expected effects of volume on the effective bid-ask spread, as estimated based on specification in Eq. @, reproduced here for
convenience:

EBA; = ag +ap - IBA; +a; - IBA; x RA; +Z;B + 2L1j77 (V,‘, 9,’)

]

+é€i

where EBA; and IBA, are the effective and indicative bid-ask spreads for transaction i in security s, IBA; x RA; is the interaction term between
the indicative bid-ask spread and security s relative age; {ao, a1, } are fixed effect coefficients; Z; is the i’ row of the n x s random-effects
model matrix — a sparse indicator matrix that captures the grouping of 1 observations by s traded securities; f is the vector of random effects
that have a multivariate normal distribution, A" (0,%); ; is the noise term; 7; (V;, 6;) are unknown smooth functions of volume, V;, and of the
explanatory variable.

In Panel (A), I condition the dependence between the effective bid-ask spread and order volume on the benchmark, on-the-run Treasury market
liquidity in a duration sector, with 6; — the security-specific empirical cumulative probability of the bid-ask spread:

6; = ecdfy.) (BBASY),

where i is the transaction index for a trade in security s, belonging to a duration group that maps to the on-the-run security ¢ (s), during

trading day 4; BBAE(S) is the time-weighted average — with weights corresponding to lengths of time during which each spread level prevailed
~ bid-ask spread of the on-the-run benchmark Treasury security ¢ (s) during trading day d; ecdfy(,) is the empirical cumulative distribution
function of the bid-ask spread for on-the-run security ¢ (s). High values of 6 correspond to higher bid-ask spreads for benchmark, on-the-run
securities and, thus, lower benchmark liquidity.

In Panel (B), I condition the dependence between the effective bid-ask spread and order volume on the relative liquidity of a security within
its duration group on the corresponding day, with 6; — the security- and trading day-specific empirical cumulative probability of indicative
bid-ask spreads:

9,‘ = ecdflp,d (IBAZ) ’

where i is the transaction index for a trade in security s, belonging to duration group ¢, during trading day d; IBA} is the simple average
indicative bid-ask spread of security s during trading day d, estimated by an average of the corresponding bid-ask spreads over NPQS quote
snapshots on day d; ecdfy, 4 is the empirical cumulative distribution function of average indicative bid-ask spreads on day d for the duration
group . High values of 0 correspond to comparatively less liquid securities within their duration groups for the particular trading day.

Panel (A) depicts the scaling law conditional on median benchmark, on-the-run Treasury liquidity conditions, 8 = 0.5, in blue, and the scaling
law conditional on bad benchmark, on-the-run Treasury liquidity conditions, § = 0.75, in red. Panel (B) depicts the scaling law for a median
liquidity security, & = 0.5, in blue, and the scaling law for a relatively illiquid security, § = 0.75, in red. The shaded regions correspond to the 95
percent confidence intervals. The dashed vertical lines mark the local maxima of the expected effects of volume on the effective bid-ask spread.

Data sources: Financial Industry Regulatory Authority (FINRA), Bond Trade Dissemination System (BTDS) and Trade Reporting and Compli-

ance Engine (TRACE); information obtained from the repo Inter Dealer Broker community; Federal Reserve Bank of New York, NPQS.
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Figure A-2: Dealer-to-Dealer Trades: Distributions of Effective Liquidity and
Execution Quality

(a) Effective Bid-Ask Spread (b) Price Improvement
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NOTE: the effective bid-ask spreads, EBA, is defined in Eq. (8) and the price improvement is defined in Eq. {#. The sample consists of direct
dealer-to-dealer trades and dealer-to-client trades from January 2018 to June 2024, filtered and aggregated as described in Section The
empirical probability densities of metrics for dealer-to-dealer trades are in blue, while the empirical probability densities of metrics for dealer-
to-client trades are in red. The empirical probability densities for dealer-to-dealer trades and dealer-to-client trades are nearly identical. Data
sources: Financial Industry Regulatory Authority (FINRA), Bond Trade Dissemination System (BTDS) and Trade Reporting and Compliance
Engine (TRACE); information obtained from the repo Inter Dealer Broker community; Federal Reserve Bank of New York, NPQS.

Figure A-3: Retail Trades: Distributions of Effective Liquidity and Execution Quality
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NOTE: the effective bid-ask spreads, EBA, is defined in Eq. (8) and the price improvement is defined in Eq. {#. The sample consists of retail
dealer-to-client trades, identified as trades of less than $10mm notional, and direct institutional dealer-to-client trades, identified as trades of
$10mm notional or greater, from January 2018 to June 2024, filtered and aggregated as described in Section 3.1} The empirical probability
densities of metrics for institutional trades are in blue, while the empirical probability densities of metrics for retail trades are in red. Data
sources: Financial Industry Regulatory Authority (FINRA), Bond Trade Dissemination System (BTDS) and Trade Reporting and Compliance
Engine (TRACE); information obtained from the repo Inter Dealer Broker community; Federal Reserve Bank of New York, NPQS.
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