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BOND MARKET DISLOCATIONS IN MARCH 2020 

Treasury yields spiked in mid-March as S&P500 kept falling:  
10-year yield +64 bps from 3/9 to 3/18 
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OTC market dislocations in March 2020

§ Treasury market dysfunction

1. Positive equity-Treasury correlation

2. Spillover to OTC corporate credit markets

3. Massive Fed interventions ($4tn→$7tn)

§ Calls for reforming OTC markets
1. Lite regulatory supervision: FINRA, MSRB

2. Opaque & fragmented structure
• Dealer market power (Green et al. 07)

• Post-trade transparency (TRACE, MSRB, ZEN)

3. Archaic technology: Voice-/email-based trading
• Electronic trading platforms, all-to-all trading, CCP (Duffie 20)

Source: Vissing-Jorgensen (2020)
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Bond dealer cartels
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Company Fine (€)

Deutsche Bank 0

Bank of America Merrill Lynch 12 642 000

Crédit Agricole 3 993 000

Credit Suisse 11 859 000

The breakdown of the fines imposed on each company is as follows:

Source: https://www.investmentweek.co.ukSource: https://ec.europa.eu/commission/presscorner/detail/en/ip_21_2004
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Main findings

§ Informed trading is major concern in UK Guilt market & hurts liquidity (Kyle 85; Glosten & Milgrom 85)

§ Evidence for order splitting by informed traders
– In stock markets, informed traders split orders over time & across venues
– In dealership-based UK Guilt market, informed traders split orders across dealers

§ Dealer connections are valuable to spread adverse selection risk (Hendershott et al. 19)

– CS mean = 2.4; TS SD = 1.5; at 5-day horizon, 1 extra connection è DRS = -0.5bp
– Mechanism: When clients have more precise info, they choose more connections to hide

§ No. of client-to-dealer connections is (endogenous) measure of private information
1. Aggregate connections improve price discovery by explaining daily yield changes
2. Connections proxy for info about both future fundamentals & future order flow
3. Dealers learn from informed clients & pass on to affiliates
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§ Decomposition: 1 extra connection è DRS = -0.5bp, DPI = 0.4bp, DES = -0.1bp
• On low connection days, clients lose -0.4bp è RS>0
• On high connection days, clients gain 0.7bp è RS<0

§ On high client-connectivity days:
1. Trades more informative (VT higher)
2. Clients get better prices (Pt lower)

§ Prices overshoot (undershoot) on low (high) client-connectivity days

Main findings—continued
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Understanding OTC markets

§ Liquidity-based trading
1. Search & matching frictions (Duffie, Garleanu; Pedersen 05, Vayanos & Wang 07; Hendershott et al. 19)

2. Dealer inventory & balance-sheet constraints (Ho & Stoll 81; Kondor & Vayanos 19; He, Nagel, Song 20)

§ Information-based trading
3. Asymmetric information & adverse selection (Kyle 85; Glosten & Milgrom 85; Babus & Kondor 17)

4. Information chasing/strategic learning (Leach & Madhavan 92; Brancaccio et al. 17; Pinter, Wang, Zou 21)

§ This paper: Informed trading matters in OTC markets
1. Difference with order splitting in stocks? What do we learn about market structure?
2. Does non-anonymity of OTC trading alleviate adverse selection? Why not?
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Model of informed trading (unfortunately in appendix)

§ Modified Glosten and Milgrom (1985)
1. Client informed with probability 1-a, signal precision ∆, trades x = {1, −1} 
2. A-priori optimal to contact many dealers to minimize price impact

• Client commits to network size before signal ρ(∆) : {∆L,∆H} → {R,(R,N)} 
• Client pays reputational cost c for contacting but not trading with extra dealers

3. Dealers cannot distinguish whether quote request comes from client or noise trader
• Small => large network: dealer faces {informed, noise} trader with prob {1-a, a} => {0.5*(1-a), 0.5*(1+a)}

§ Results: 1. Information quality increases in ∆, so does network size è VT↑ 
2. Better prices when more informed if and only if ∆H/∆L<1+α è Pt↓ 

§ Questions: 
1. How important are reputation cost?
2. How would non-anonymity affect adverse selection—network size tradeoff?

6
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#1 All-to-all trading
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Figure 2: Open trading on MarketAxess

The left plot presents the quarterly open trades that are executed on MarketAxess, both in terms of number of

trades (solid) and total par amount traded (dash). The right plot presents the quarterly average open trades that

are executed on MarketAxess as a share of electronic trading, both in terms of number of trades (solid) and total

par amount traded (dash). The vertical dotted line marks the increase in OT at the end of 2015.

of OT on MarketAxess, both the number of OT designated trades and their volume were still quite

low at around 2K trades, resulting in approximately $1B of trading volume per quarter. During the

sample period, both the number of OT trades and their trading volume grow tremendously, ending

up at around 60K of quarterly trades totalling $15B in trading volume. The right plot presents

the quarterly share OT trades in all electronic trading executed on MarketAxess, both in terms of

number of trades (solid line) and total par amount traded (dashed line). In agreement with the

left plot, both the number of OT trades and their trading volume are barely 1% of their respective

totals on MarketAxess at the beginning of our sample. By the end of our sample, the share of OT

represents 16% of trades and 10% of volume. Panel C of Table 1 further quantifies OT-designated

trading. It shows that OT has risen steadily from 1.2% of trades (8,862 trades) and volume ($4.32B)
in 2014 to 12.4% of trades (174,044 trades) and 7.7% of volume ($45.98B) by 2018. For the whole

sample, OT is 6.6% of trades and 5% of volume.

Figure 3 documents the contribution of non-permissioned dealers, buy-side institutions, and

quasi-dealers to OT. Panel A illustrates the number (left plot) and the share (right plot) of quarterly

open trades executed on MarketAxess by each liquidity provider type. The left plot shows that

all liquidity providers have increased their OT-designated trading, with quasi-dealers showing the

largest increase. The right plot confirms that quasi-dealers are the main force behind the growth in

OT as their share of OT-designated trades has increased from 5% in 2014 to 60% in 2018. The OT

share of trades by non-permissioned dealers has experienced rapid growth from 5% to 40% between

the first and second quarters of 2014, before settling to a steady-state 28% share for the rest of our

sample. Buy-side institutions are the main actors in OT trading in 2014, comprising almost 90%

7

Source: Hendershott et al. (2021)

Table 1: Descriptive statistics

The table documents descriptive statistics on trade and bond characteristics in successful RFQs. The number of
successful RFQs is 5,434,989.

Panel A: Trade characteristics

Mean SD 5% Median 95%

Client buy 46%
Trade size ($M) 0.45 1.10 0.004 0.12 2.00

Panel B: Bond characteristics

Mean SD 5% Median 95%

Issue size ($B) 1.46 1.33 0.35 1.00 3.25
Maturity (years) 9.52 9.19 1.59 6.02 28.95
Bond age (years) 3.15 3.02 0.17 2.34 8.37

Coupon rate 0.04 0.02 0.02 0.04 0.07
Zero coupon 0%
Variable rate 1%

IG rating 92%
AAA 1%
AA 14%
A 46%
BBB 31%

Rule 144a 4%
Cov-lite 25%

Panel C: Open trading

Total 2014 2015 2016 2017 2018

Trades (K) 5,435 768 886 1,146 1,226 1,409
OT disabled (K) 488 159 129 81 64 55
OT enabled (K) 4,947 609 757 1,065 1,162 1,354

Share of trades 91.0% 79.3% 85.5% 92.9% 94.7% 96.1%
non-OT trades (K) 5,076 759 861 1,080 1,140 1,234
OT trades (K) 359 9 25 65 86 174

Share of trades 6.6% 1.2% 2.8% 5.7% 7.0% 12.4%

Volume ($B) 2,468 354 415 534 565 600
OT disabled (K) 293 83 69 50 51 40
OT enabled (K) 2,175 271 346 484 514 560

Share of volume 88.1% 76.5% 83.3% 90.7% 90.9% 93.4%
non-OT volume ($B) 2,345 350 401 505 535 554
OT volume ($B) 123 4 14 29 30 46

Share of volume 5.0% 1.2% 3.3% 5.4% 5.4% 7.7%

Share of OT trades:
Non-permissioned dealer 24.6% 35.3% 31.7% 24.2% 21.1% 24.9%
Buy-side institution 23.7% 50.4% 40.2% 32.7% 25.8% 15.5%
Quasi-dealer 51.7% 14.3% 28.2% 43.1% 53.1% 59.6%

terms of number of trades (solid line) and total par amount traded (dashed line). It shows that at

the beginning of the sample period, which starts about one and a half years after the introduction

6

Figure 2: Open trading on MarketAxess Table: Open trading on MarketAxess
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#2 OTC markets are opaque but non-anonymous è Client-dealer networks matter

§ Clients form few long-lasting dealer relationships (50% trade repeatedly with 1 dealer)
– Sorting/matching: small-large, large-large & large-small, rarely small-small 

§ Trading costs are relationship specific, not #connections
– Client-dealer dimension left out in paper
– When clients expand network, who do they “rip off”? And why? Expand to not destroy relation?
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Main results #1: Who catches the big fish?
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Insurers’ Trading Network

Investors form few long-lasting dealer relationships
50% of insurers trade repeatedly with 1 dealer (up to 40 dealers every month)
Buy & sell from same dealer => No ‘random’ best-execution search
Larger, higher quality, more active insurers have larger dealer network

Sorting/matching: small-large, large-large & large-small, rarely small-small

Terry Hendershott, Dan Li, Dmitry Livdan, Norman Schürho↵ Relationship Trading in OTC Markets 6

Main results #2: Relations matter for trading costs
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Insurers’ Trading Costs

Trading costs are relationship specific:
Large dealers give better execution than small dealers => Dealer e�ciency
Large insurers with large network pay less => Investor sophistication
Best execution: Large insurers with large network from all dealers => Barg. power w

Consistent with Rolodex model of OTC markets

Terry Hendershott, Dan Li, Dmitry Livdan, Norman Schürho↵ Relationship Trading in OTC Markets 7

Source: Own computations
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#2 Informed trading in non-anonymous networks (Babus & Kondor, 2017)

§ Information-based trading in OTC markets

1. Trading costs determined by dealer centrality

§ Central dealers
– more informed/learn more, 
– trade more and at lower costs & 
– earn higher expected profit

2. OTC trade can increase or decrease welfare 

§ Is price informativeness limited in UK Guilts?
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FIGURE 5.—Panels A–D show each dealer’s expected profit, gross volume, intermediation, and posterior in-
formation precision (as percentage of precision under fully revealing prices) against the number of the dealer’s
trading partners. Panels E and F show the price impact a dealer faces at a given link against the number of
her trading partners, and against the sum of the trading partners of the two counterparties at the given link,
respectively. Parameter values are ρ = 0"014, σ = 0"1584, β= −1, σ2

θ = 7"3835.

The relationship between the degree of the dealer and her profit, gross volume, gross-
to-net volume ratio, or precision is strong and positive. The shape of the scatter plots
suggests that, given the calibrated parameters, the dealer’s degree centrality summarizes
almost all the relevant information of her network position to determine her profit, vol-
ume, information precision, and gross-to-net volume ratio. While there is only a weak
negative relationship between the degree of the dealer and her price impact, there is a
strong relationship between the sum of the degrees of both counterparties and price im-
pact. This is consistent with our discussion in Section 5. The price impact a dealer faces
is smaller when her counterparty puts less weight on the given price, for example, be-
cause she trades with a large number of counterparties. Therefore, we should observe the
smallest price impact when both parties have a large number of trading partners.10

These observations are qualitatively consistent with the empirical literature considering
various markets. Similarly to Hollifield, Neklyudov, and Spatt (2017), Di Maggio, Ker-
mani, and Song (2017) found, in the context of the corporate bond market, that central

10As parameters vary, the relationships shown in Figure 5 are always strong and have the same sign. How-
ever, especially as correlation, ρ, increases, degree centrality does not suppress all the other network charac-
teristics to the same extent. We illustrate this observation in Appendix D of the Supplemental Material.
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Specific comment #1: Liquidity provision vs. private information

§ What happens pre-trade?

1. Liquidity provision to more dealers

2. Informed trading with more dealers

§ Consistent with largest effects on low-
volume days (Duffie 10; Hendershott & Menkveld 14)

§ More connections = broader liquidity provision?

10
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Specific comment #2: Proprietary data used to classify traders

§ Proprietary ZEN database by FCA (UK’s SEC)
– All secondary transactions in UK government bond market
– Information on identity of both sides of trade: 21 primary dealers & ~480 clients 

§ Split into 2 groups is opaque & different from Pinter et al. (2021)
– 230 unsophisticated: insurers, pension funds, corporations & central banks
– 250 sophisticated (informed vs. uninformed): hedge funds & asset managers 
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movements of treasuries compared to hedge funds and asset managers. In our formal
language, if the former group neither seek nor receive private information, then variation
in their connections introduces noise in our findings. To assess this possibility, based
on the name of the client account in our data, we assign clients to a more sophisticated
and a less sophisticated group. We end up having 250 and 230 clients in each group,
respectively.15

Figure 3: Connections and Performance over 1-20 Day Horizons: More vs. Less Sophist-
icated Clients
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Notes: this figure plots the estimated — coe�cients from our baseline regression 4.1 up to 20-day horizon (T = 20), for
more sophisticated (left panel) and less sophisticated (right panel) clients separately, using the value weighted performance
variable as the regress and, measured in basis points. We include as a control the natural logarithm of the pound trade
volume of each client (“Volume”) and the natural logarithm of the number of daily transactions (“Transactions”). To
reduce noise, we winsorise the sample at the 1%-level and use client-day observations that are based on more than two
daily transactions. The shaded area denotes the 90% confidence band, It is based on robust standard errors, using two-way
clustering at the client and day level.

Given our classification, we re-estimate our baseline (Figure 2) for both types of
clients separately, and plot the estimates on Figure 3 up to the 20-day horizon. We

15The guiding principle in our classification was (i) to focus on the main business profile of a given client
and (ii) to aim at the highest possible level of consolidation, when determining whether a given client
can be regarded as a hedge fund / asset manager (more sophisticated) or other type (less sophisticated).
In most cases, this was straightforward. For example, we have 46 government entities (mainly foreign
central banks), that can be immediately placed in the group of less sophisticated clients, and around 40
hedge funds that belong to the more sophisticated group. In contrast, there could be some ambiguity in
the classification of some asset managers. For example, certain less sophisticated clients (e.g. insurance
companies, commercial banks and pension funds) have asset manager branches. In line with our strategy,
we regarded these asset manager accounts as part of the parent company with a less sophisticated type.

18
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Summary

§ Important area of research

§ Interesting analysis & insightful results
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