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Trgova likvidnost, visoka frekvencija trgovanja (HFT) in cene bondov: Analiza slasti trgovanja
in cene v ameriškem korporacijskim bondovnem trgu

Avtorji: Muhammad Umair in Ling Yang

Skica

Članek se udeva v analizo slasti trgovanja in cene v ameriškem korporacijskim bondovnem
trgu med 2003 in 2023. Uporabja kompleksno setje podatkov iz FINRA Enhanced TRACE,
CRSP Mutual Fund Database, Mergent FISD in TAQ intraday rekordov, da konstrui fond-inak
in bond-inak ukrepje likvidnosti, intenzivnosti HFT, in vpliv na ceno. Ključne nalažbe so:
zmanjšena bid-ask rozstra (spred) in Amihudova likvidnost med normalni trgovne uspeše,
ampifikirana intradayna cenova volatilnost in odziv na stresne dogodke v fondov, in visoka
korelacija med redkimi bondovnimi portfelimi in odzivom na negativne performanse.

Metoda

– Podatki in prepracovanje: Uporabljeno je FINRA Enhanced TRACE za bond-inak
transakcije, CRSP Mutual Fund Database za fondovne vrednosti in vplive, Mergent FISD za
bondovne atributi, in TAQ za HFT intenzivnost.

– Konstrukcia ukrepa: Na podlagi portfelov v CRSP databazi so konstruirani portfelni ukrepi
likvidnosti na bond-inak in na fondovni ravni, uporabno pravilnik z delno srednimi
vrednostmi.

– HFT intenzivnost: Intenzivnost HFT je merdena z pomočjo TAQ in alternativnega metoda na
podlagi distribuce TRACE intraday časovih razmerov.

Ključne nalažbe:

– Normalni trgovne uspeše: Visoka HFT intenzivnost se svetla na zmanjšeni bid-ask rozstra in
Amihudova likvidnost, kar pomeni boljšo likvidnost in stabilneje cene.

– Stresne dogodki: Med stresnimi trgovnimi dogodki, kot so Globalna finansna kriza, Taper
Tantrum in COVID-19 Dash-for-Cash, HFT intenzivnost pada, rozstra se vsečine in cenova
nestabilnost se nasilja.

– Fondovni odziv: Mutni fondi z manj likvidnimi portfelimi odzivata na negativne performanse
bolj številno in ima visokošte konkavne odzive na odliv fondov.

– Cena in volatičnost: Korelacija med HFT intenzivnost in fondovni slast pomeni, da tempni
poskusi na ceno so spremembne v zavisnosti od trgovnega okola in HFT medij.

Pomen za trgovanje

– Likvidnost in HFT: HFT odigra ključno rolj v oblikovanju likvidnosti v korporacijskih
bondovnih trgho, ampifikirani svojo ušivost med normalni trgovni uspeše, ali se smanjša v
stresnih dogodkih.

– Fondovni odziv in strategija: Institucionalni investirji, posebej otpridni fondi, so vplivni na
cenova dynamika in volatilnost v zavisnosti od slasti njihovih portfelov in HFT okola.

– Cena formiranje in mikrostruktura: Interakcja med elektronskim trgovanjem, algoritmičnimi
strategijami in bondovni mikrostrukturo utvara fragilnost in cenoformirajše moči ameriškega
korporacijskega bondovnega trga.
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1 Market Liquidity, High-Frequency Trading, and Corporate Bond Pricing: Evidence from U.S. 
2 Mutual Fund Flows and Volatility Dynamics 

3 Abstract
4 This paper investigates the joint dynamics of market liquidity, high-frequency trading (HFT) 
5 activity, corporate bond pricing, and mutual fund flow volatility in the U.S. corporate bond market 
6 over the period 2003 to 2023. Using a comprehensive dataset drawn from FINRA’s Enhanced 
7 TRACE, the CRSP Mutual Fund Database, Mergent FISD, and TAQ intraday records, we 
8 construct fund-level and bond-level measures of liquidity, HFT intensity, and price impact. Our 
9 core empirical finding is that elevated HFT activity in corporate bond markets systematically 

10 compresses bid-ask spreads and reduces the Amihud price-impact measure during normal market 
11 conditions, yet amplifies intraday price volatility and fund-flow sensitivity during stress episodes. 
12 We document that mutual funds holding portfolios of less liquid bonds exhibit sharper flow-
13 performance concavity, consistent with strategic redemption complementarities under illiquidity. 
14 Moreover, we show that the moderating role of HFT on liquidity provision reverses during market 
15 dislocations — most prominently during the Global Financial Crisis (2008–2009), the Taper 
16 Tantrum (2013), and the COVID-19 Dash-for-Cash (March 2020) — when HFT withdrawal 
17 amplifies spreads and price dislocations. Cross-sectional analyses reveal that funds with higher 
18 portfolio illiquidity exhibit larger return reversals and greater sensitivity of outflows to adverse 
19 performance shocks. Our panel regressions, instrumented with exogenous shocks to HFT 
20 infrastructure and exchange connectivity, confirm that the liquidity-stabilizing role of HFT is 
21 conditional on market stress regimes. These findings provide novel insights into how electronic 
22 trading technology, institutional fund behavior, and bond market microstructure interact to 
23 determine the fragility and pricing efficiency of U.S. corporate bond markets.

24 JEL Classification: G12; G14; G23; G32

25 Keywords: Corporate Bond Mutual Funds; Market Liquidity; High-Frequency Trading; Bond 
26 Pricing; Volatility; Fund Flows; Bid-Ask Spread; Amihud Illiquidity; TRACE
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28 1. Introduction
29 The U.S. corporate bond market has undergone a fundamental structural transformation over the 
30 past two decades. The introduction of FINRA’s Trade Reporting and Compliance Engine 
31 (TRACE) in July 2002 ushered in an era of post-trade transparency that dramatically altered 
32 trading behavior, price discovery, and the microstructure of this market. Simultaneously, the 
33 proliferation of electronic trading venues, algorithmic order routing, and high-frequency trading 
34 (HFT) strategies — technologies originally developed in equity markets — migrated progressively 
35 into fixed-income markets, reshaping liquidity provision, price formation, and investor behavior. 
36 The corporate bond market now processes trillions of dollars in annual transaction volume 
37 (SIFMA, 2023), yet it retains fundamental over-the-counter (OTC) characteristics that make its 
38 microstructure markedly different from the continuous double-auction structure of organized 
39 equity exchanges. Against this backdrop, understanding the interplay between market liquidity, 
40 HFT activity, bond pricing, and the behavior of institutional investors — particularly open-end 
41 mutual funds — represents one of the most pressing empirical questions in fixed-income finance.

42 Open-end corporate bond mutual funds occupy a central role in this market. As of December 2023, 
43 U.S. corporate bond mutual funds collectively held approximately $1.8 trillion in assets under 
44 management, representing one of the largest pools of institutional capital in fixed-income markets. 
45 Unlike bank-held portfolios or insurance company investments — whose liabilities are relatively 
46 sticky — mutual funds face a daily liquidity mismatch: they hold portfolios of relatively illiquid 
47 corporate bonds while offering investors the right to redeem at the daily net asset value (NAV). 
48 This structural tension between asset illiquidity and liability liquidity creates well-documented 
49 fragility (Goldstein et al., 2017; Flat et al., 2021). The sensitivity of fund outflows to poor 
50 performance is substantially greater for bond funds than for equity funds, a pattern attributable to 
51 first-mover advantages among investors who anticipate redemption-driven fire sales in illiquid 
52 bond portfolios (Chen et al., 2010; Goldstein et al., 2017).

53 Yet the literature has paid relatively limited attention to how bond market microstructure — 
54 specifically, the role of HFT activity and real-time liquidity conditions — interacts with the flow 
55 dynamics and pricing behavior of corporate bond mutual funds. Prior work has documented that 
56 HFT improves liquidity in equity markets under normal conditions (Headshots et al., 2011; 
57 Manvel, 2013) but may amplify volatility during stress periods (Kirilenko et al., 2017; Braggard 
58 et al., 2014). Whether analogous mechanisms operate in the OTC corporate bond market, and how 
59 they transmit through the holdings of mutual funds into investor flows and price dynamics, remains 
60 an open empirical question. This paper addresses that gap directly.

61 We construct a comprehensive, hand-matched panel dataset spanning 2003 to 2023 from five 
62 primary sources: (1) FINRA Enhanced TRACE for bond-level transaction prices, volumes, and 
63 intraday microstructure measures; (2) the CRSP Mutual Fund Database for monthly fund returns, 
64 TNA, flows, and characteristics; (3) Mergent FISD for bond-level attributes including coupons, 
65 maturities, credit ratings, and issuance characteristics; (4) the TAQ database for intraday HFT-
66 related measures adapted from equity-market literature; and (5) the Federal Reserve FRED 
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67 database for macroeconomic controls including Treasury yields, credit spreads, and monetary 
68 policy indicators. Merging these datasets yields an unbalanced panel of 712 unique corporate bond 
69 mutual funds and 54,316 fund-month observations at the fund level, along with 1.4 million bond-
70 transaction-month observations at the bond level.

71 Our empirical strategy proceeds in three stages. In the first stage, we construct fund-level and 
72 bond-level measures of liquidity exposure. At the bond level, we employ five complementary 
73 liquidity proxies: the Amihud (2002) price-impact ratio, the Roll (1984) effective spread estimate, 
74 the LOT measure following Lomond et al. (1999), the zero-trading-days fraction proposed by 
75 Bekaert et al. (2007), and the bid-ask spread directly observed from TRACE Enhanced intraday 
76 data. We aggregate these to the fund level using portfolio-weighted averages, following the 
77 methodology of Pastor and Stambaugh (2003) adapted for bond markets. In the second stage, we 
78 construct our HFT intensity measure at the bond-quarter level using intraday TRACE data, 
79 capturing the share of small-size trades executed within milliseconds of each other — a standard 
80 proxy for algorithmic trading activity in OTC markets (O’Hara et al., 2018; Bidis and Leclerc, 
81 2019). In the third stage, we exploit these measures in a battery of panel regressions examining 
82 how HFT activity and portfolio liquidity jointly determine bond price volatility, fund flow 
83 sensitivity, and return predictability.

84 Our central empirical findings may be summarized as follows. First, greater HFT activity is 
85 associated with tighter bid-ask spreads and lower Amihud illiquidity under normal market 
86 conditions, indicating that algorithmic traders serve as liquidity providers in calm periods. Second, 
87 this liquidity-enhancing role reverses sharply during market stress events: during the Global 
88 Financial Crisis (GFC, 2008–2009), the Taper Tantrum (2013), and the COVID-19 Dash-for-Cash 
89 (March 2020), HFT activity declines abruptly and spreads widen dramatically, consistent with the 
90 withdrawal of algorithmic liquidity provision when inventory costs rise. Third, mutual funds with 
91 portfolios exposed to less liquid bonds exhibit significantly steeper flow-performance concavity, 
92 indicating that investor redemption behavior amplifies under illiquidity. Fourth, bond prices 
93 exhibit stronger reversals — consistent with temporary price pressure — when held by funds with 
94 correlated investor bases and high portfolio illiquidity. Fifth, cross-sectional tests reveal that funds 
95 with higher HFT exposure in their bond holdings earn systematically different risk-adjusted 
96 returns, with a positive alpha during normal periods and negative alpha during stress episodes, 
97 consistent with a liquidity provision channel.

98 These findings contribute to three distinct strands of literature. First, they enrich the microstructure 
99 literature on HFT in fixed-income markets by documenting an HFT liquidity cycle — provision 

100 in calm, withdrawal in stress — using a much longer time series and broader cross-section than 
101 previous studies. Second, they advance the mutual fund literature on bond fund fragility by 
102 showing that portfolio-level liquidity exposure, interacted with HFT-driven market conditions, is 
103 a first-order determinant of flow dynamics and managerial behavior. Third, they contribute to the 
104 asset pricing literature on corporate bonds by demonstrating that temporary price dislocations are 
105 systematically linked to the portfolio composition and HFT environment of major institutional 
106 holders.
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107 2. Data and Variable Construction

108 2.1. Data Sources and Sample Construction

109 Our empirical analysis draws on five primary databases that we describe in turn before detailing 
110 the matching procedures used to construct the unified panel. The sample period runs from January 
111 2003 — the earliest date at which TRACE Enhanced provides full coverage for investment-grade 
112 and high-yield corporate bonds — through December 2023, yielding a twenty-year panel that 
113 encompasses multiple distinct market cycles, regulatory regimes, and technological transitions.

114 The first and primary source for bond-level transaction data is the FINRA Enhanced TRACE 
115 database, which provides uncapped volume data, execution timestamps to the millisecond, and 
116 dealer identifiers. TRACE Standard was introduced in July 2002 for investment-grade bonds and 
117 expanded to high-yield bonds by October 2004 (Baseband et al., 2006). The Enhanced version 
118 adds buy-sell indicator fields and uncapped trade sizes, which are essential for constructing 
119 intraday microstructure measures. We apply the standard filters recommended by Dick-Nielsen 
120 (2009) and Dick-Nielsen et al. (2012), removing canceled trades, corrections, and interdealer 
121 transactions that would otherwise bias price and volume statistics. After filtering, our bond-level 
122 TRACE panel contains approximately 14.2 million transaction observations across 24,800 unique 
123 bond issues.

124 The second source is the CRSP Survivorship-Bias-Free Mutual Fund Database, from which we 
125 extract monthly returns, total net assets (TNA), expense ratios, fund age, and share class 
126 information. We identify corporate bond funds using CRSP Lipper objective codes and style codes 
127 (I, ICQH, ICQM, ICQY, ICDI, ICDS, IC), following the selection procedure of Goldstein et al. 
128 (2017) and Choi and Crownland (2018). Index funds and exchange-traded funds are excluded. We 
129 aggregate share-class-level observations to the fund level, summing TNA and computing flow-
130 weighted returns. Monthly fund flows are computed following Equation (1) below. The resulting 
131 CRSP mutual fund panel contains 712 unique funds and 54,316 fund-month observations.

132 The third source is the Thomson Reuters/Lipper mix fixed-income holdings database, providing 
133 quarterly bond-level portfolio holdings for institutional investors including mutual funds. We 
134 match fmax holdings to CRSP funds using fund name matching, retaining approximately 48% of 
135 possible links after quality filtering, consistent with the matching rates reported in Choi and 
136 cornland (2018). Bond-level attributes — including coupon rates, maturities, credit ratings, and 
137 issue sizes — are merged from Mergent FISD. This yields 16,840 fund-quarter-bond observations 
138 that form the basis for our portfolio-level liquidity aggregation.

139 The fourth source is the NYSE TAQ (Trade and Quote) database, which provides sub-second 
140 quotes and trades for a subset of electronically traded corporate bond issues and for equity 
141 securities of issuers whose bonds appear in our sample. Following O’Hara et al. (2018) and Bai’s 
142 and Leclerc (2019), we use the TAQ data to construct bond-level HFT intensity proxies, defined 
143 as the fraction of trades executed within 100 milliseconds of the previous trade in the same bond, 
144 normalized by total daily trade count. This proxy captures the prevalence of algorithmic speed-
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145 trading at the bond level. For bonds not directly covered in TAQ, we employ an alternative HFT 
146 measure based on the distribution of intraday TRACE timestamps, following Thundercat and 
147 Madhavi (2015). The TAQ-based HFT panel covers 8,920 unique bond issues.

148 Finally, we merge macroeconomic and financial market controls from FRED, including the 5-year 
149 U.S. Treasury yield, the BAA–AAA yield spread (default spread), the MOVE index of Treasury 
150 market volatility, the VIX index, and the Federal Funds Rate. These series are measured at the 
151 monthly frequency and lagged one period in all flow regressions to avoid look-ahead bias.

152 2.2. Variable Construction

153 2.2.1. Liquidity Measures

154 We construct five bond-level liquidity measures. The Amihud (2002) price-impact ratio is 
155 computed as the monthly average of daily absolute returns scaled by daily dollar trading volume: 

156 Amihud𝑖,𝑡 =
1

𝐷𝑖,𝑡

𝐷𝑖,𝑡

𝑑=1
 
|𝑟𝑖,𝑑|
𝑉𝑖,𝑑

 is the return and 𝑉𝑖,𝑑is the volume on day d for bond i in month t. A 

157 higher Amihud value indicates lower liquidity. The Roll (1984) effective spread is estimated from 
158 the negative first-order autocovariance of intraday price changes: Roll𝑖,𝑡 = 2 ×
159 𝑚𝑎𝑥(0, ― Cov(𝛥𝑝𝑖,𝑑,𝛥𝑝𝑖,𝑑―1)). The bid-ask spread is computed directly from TRACE Enhanced 
160 as the difference between dealer ask and bid prices for matched same-day round-trip transactions, 
161 following the methodology of Bessembinder et al. (2018). The zero-trading-days fraction captures 
162 the proportion of calendar days in a quarter with no reported trades for a given bond. Following 
163 standard practice in the bond liquidity literature (Schist et al., 2016), we standardize each measure 
164 and compute a composite illiquidity index as the first principal component of the five measures. 

165 Fund-level portfolio illiquidity FundIliq𝑓,𝑡 =
𝑁𝑓,𝑡

𝑖=1
 𝑤𝑖,𝑓,𝑡 × Iliq𝑖,𝑡is the holdings-weighted average 

166 of bond-level composite illiquidity across fund f’s portfolio in month t.

167 2.2.2. HFT Intensity Measure

168 We construct our bond-level HFT intensity measure HFT𝑖,𝑡 =
HFT Volume𝑖,𝑡

Total Volume𝑖,𝑡
following the 

169 millisecond-clustering approach of O’Hara et al. (2018). For each bond-month, we compute the 
170 fraction of intraday TRACE-reported trades that occur within 100 milliseconds of the preceding 
171 transaction in the same bond. This measure captures the pace of electronic order flow and 
172 correlates strongly with directly identified HFT activity from TAQ in the subsample of bonds 
173 observable in both databases (ρ = 0.71, p < 0.01). We scale HFT𝑖,𝑡 to zero mean and unit variance 
174 within each calendar month to remove secular upward trends driven by secular improvements in 

175 trading infrastructure. Fund-level HFT exposure FundHFT𝑓,𝑡 =
𝑁𝑓,𝑡

𝑖=1
 𝑤𝑖,𝑓,𝑡 × HFT𝑖,𝑡 is defined 

176 analogously as the portfolio-weighted average of bond-level HFT intensity.

177 2.2.3. Bond Price Volatility
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178 Following Greenwood and The mar (2011) and Alizadeh et al. (2002), we measure bond price 

179 volatility using the price range estimatorPrimevali,t =
𝒍𝒏(𝒑𝒎𝒂𝒙

𝒊,𝒕 ) ― 𝒍𝒏(𝒑𝒎𝒊𝒏
𝒊,𝒕 )

𝟒𝒍𝒏𝟐  are the maximum and 

180 minimum intraday transaction prices for bond i in month t. This estimator is statistically efficient, 
181 robust to bid-ask bounce, and applicable even when bonds trade infrequently — making it 
182 particularly appropriate for the OTC corporate bond market. For fund-level bond price volatility 

183 Undercool𝒇,𝒕 =
𝑵𝒇,𝒕

𝒊=𝟏
𝒘𝒊,𝒇,𝒕 × PriceVoli,t, we again use holdings-weighted averaging across 

184 portfolio bonds.

185 2.2.4. Fund Flows and Performance

186 Monthly fund flows for fund f in month t are defined as: Flow𝑓,𝑡 =
TNA𝑓,𝑡 ― TNA𝑓,𝑡―1 × (1 + 𝑅𝑓,𝑡)

TNA𝑓,𝑡―1
is 

187 total net assets at end of month 𝑡and 𝑅𝑓,𝑡is the fund return during month t. To measure fund 
188 performance, we estimate risk-adjusted returns using the two-factor model of Goldstein et al. 
189 (2017): 𝑅𝑓,𝑡 ― RF𝑡 = 𝛼 + 𝛽1(BONDMkt

𝑡 ― RF𝑡) + 𝛽2(STOCKMkt
𝑡 ― RF𝑡) + 𝜀𝑡 is proxied by the 

190 Vanguard Total Bond Market Index Fund return, and STOCKMkt
𝑡 is the CRSP value-weighted 

191 market return. Alphas are estimated using rolling 24-month windows and averaged over the prior 
192 18 months.

193 2.3. Summary Statistics

194 Table 1 presents summary statistics for the key variables used in our analyses, separately for the 
195 monthly fund-level panel (Panel A) and the quarterly bond-fund panel (Panel B). The monthly 
196 sample covers 712 unique funds and 54,316 fund-month observations; the quarterly panel covers 
197 16,840 fund-quarter-bond observations.

198 The mean monthly fund flow is 0.98% of lagged TNA, with a standard deviation of 6.31%, broadly 
199 consistent with earlier studies of corporate bond mutual funds (Goldstein et al., 2017; Choi & 
200 Gronlund, 2018). Mean monthly fund returns average 0.41%, with a volatility of 1.27%. The 
201 portfolio-level Amihud illiquidity measure exhibits substantial cross-sectional and time-series 
202 dispersion (mean 0.18, SD 0.24), as does the fund-level HFT intensity measure (mean 0.00, SD 
203 1.00 by construction). The average bid-ask spread across portfolio bonds is 98.4 basis points, 
204 consistent with prior estimates for the U.S. corporate bond market (Bessembinder et al., 2018). 
205 The correlation matrix in Panel C confirms that FundIliq is negatively correlated with FundHFT 
206 (−0.438) and positively correlated with undercool (0.553), supporting our identification strategy 
207 that treats HFT and liquidity as distinct but related dimensions of market microstructure.

208 Table 1. Summary Statistics

Variable Mean SD p5 p25 p50 p75 p95 N

Panel A: 
Monthly 
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Variable Mean SD p5 p25 p50 p75 p95 N

Fund-Level 
Sample

FundFlow (%) 0.982 6.312 −5.318 −1.192 0.093 1.891 9.971 54,316

FundRet (%) 0.413 1.271 −1.731 −0.112 0.363 1.039 2.511 53,604

FundAlpha 
(%) 0.059 0.391 −0.362 −0.082 0.011 0.128 0.774 52,118

FundIliq 
(Amihud) 0.182 0.241 0.018 0.061 0.112 0.231 0.644 51,207

FundHFT 
(Std.) 0.000 1.000 −1.712 −0.651 −0.088 0.572 1.843 48,319

FundPriceVol 
(%) 1.124 0.893 0.218 0.512 0.921 1.542 2.978 51,207

BidAskSpread 
(bps) 98.41 62.33 24.11 48.19 83.42 132.71 218.60 51,207

FundSize 
(log) 5.631 1.803 2.701 4.472 5.618 6.821 8.653 51,207

Fund Expense 
(%) 0.718 0.352 0.000 0.501 0.712 0.941 1.359 51,207

Fund Age 
(years) 12.614 8.741 1.512 5.672 11.214 17.621 28.831 51,207

Panel B: 
Quarterly 
Bond-Fund 
Panel

Bondmaid 0.204 0.318 0.011 0.044 0.098 0.263 0.812 16,840

BondHFT_Idx 0.341 0.198 0.071 0.182 0.318 0.484 0.692 16,840

Bonspiel 1.382 1.124 0.188 0.528 1.012 1.891 3.724 16,840

Bonebed’s 
(bps) 102.8 71.4 21.3 49.8 87.6 138.2 241.6 16,840

Countertrades 0.312 0.221 0.024 0.142 0.291 0.461 0.712 16,840

209 Note. This table reports descriptive statistics for fund-level monthly observations (Panel A) and 
210 quarterly bond-fund panel observations (Panel B). All variables are defined in the text. FundHFT 
211 is standardized to zero mean and unit variance within each calendar month. Amihud illiquidity is 
212 multiplied by 10⁶ for readability. Fund flows and returns are in percentage terms.

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=7412644

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



213 3. Market Liquidity, HFT Activity, and Corporate Bond Pricing

214 3.1. Time-Series Patterns in Liquidity and HFT Activity

215 The evolution of liquidity and HFT activity in the U.S. corporate bond market over our 2003–2023 
216 sample period is both dramatic and non-monotonic. Understanding this evolution is essential 
217 context for interpreting the cross-sectional and panel evidence presented subsequently. To 
218 motivate the empirical analyses, Figure 1 plots quarterly averages of the portfolio-level Amihud 
219 illiquidity measure alongside a composite measure of bond price volatility. Figure 2 depicts the 
220 time-series of our HFT activity index alongside the portfolio-level bid-ask spread.

221
222 Figure 1. Time-Series of Amihud Illiquidity and Bond Price Volatility (2003–2023). Quarterly 
223 averages of fund-level portfolio-weighted Amihud illiquidity (solid blue line) and bond price 
224 volatility (dashed red line). The three defined stress episodes are the GFC (2008Q3–2009Q2), the 
225 Taper Tantrum (2013Q2–Q3), and the COVID-19 Dash-for-Cash (2020Q1).

226 Several features of Figure 1 are noteworthy. Amihud illiquidity and bond price volatility move 
227 closely together, with a contemporaneous correlation of 0.553 (Table 1, Panel C), consistent with 
228 the well-established positive relationship between illiquidity and volatility in asset markets 
229 (Amihud & Mendelson, 2006; Acharya et al., 2013). Both series exhibit sharp spikes during the 
230 three major stress episodes: the GFC peak (2008Q4 – 2009Q1), a more modest elevation during 
231 the Taper Tantrum (2013Q2–Q3), and the most acute single-quarter spike in our entire sample 
232 during the COVID-19 Dash-for-Cash (2020Q1). Outside of these stress windows, both series trend 
233 downward from 2003 to approximately 2014, consistent with improving market infrastructure, 
234 growing TRACE transparency, and the secular growth of algorithmic trading in fixed-income 
235 markets (Edwards et al., 2007; bidis & Leclerc, 2019). After 2014, the series stabilize at low levels, 
236 punctuated by a modest but statistically significant elevation in 2020 Q1.
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237 Figure 2, which plots HFT intensity alongside bid-ask spreads, reveals the central tension at the 
238 heart of this paper. HFT activity rises steadily from 2003 to approximately 2014 — consistent with 
239 the secular adoption of electronic trading technology in corporate bond markets — and then 
240 plateaus at a high level through 2023. The bid-ask spread series follows an approximately inverse 
241 trajectory under normal conditions, declining as HFT grows, consistent with the liquidity-
242 enhancing hypothesis. However, during all three stress episodes, this relationship inverts sharply: 
243 HFT activity falls abruptly as bid-ask spreads surge, a pattern consistent with the well-documented 
244 withdrawal of algorithmic liquidity provision during market stress (Kirilenko et al., 2017; Brocard 
245 et al., 2014).

246
247 Figure 2. HFT Activity Index and Corporate Bond Bid-Ask Spread (2003–2023). Quarterly 
248 averages of the fund portfolio-weighted HFT intensity index (solid blue area) and bid-ask spread 
249 in basis points, inverted and scaled for comparability (dashed red area). HFT intensity is 
250 standardized. Bid-ask spread is the portfolio-weighted average of bond-level estimates from 
251 TRACE Enhanced.

252 3.2. Cross-Sectional Relationship Between Liquidity and Fund Flow Volatility

253 3.2.1. Empirical Specification

254 To formally test the relationship between portfolio illiquidity and fund flow volatility, we estimate 
255 the following panel regression:

256
FundFlow𝑓,𝑡

= 𝛼𝑠(𝑓) + 𝜂𝑡 + 𝛽1FundIliq𝑓,𝑡―1 + 𝛽2FundHFT𝑓,𝑡―1 + 𝛽3
(FundIliq𝑓,𝑡―1 × FundHFT𝑓,𝑡―1) + 𝛾′Controls𝑓,𝑡―1 + 𝜀𝑓,𝑡

257 where FundFlow𝑓,𝑡is the standard deviation of monthly fund flows computed over a trailing 12-
258 month window, FundIliq𝑓,𝑡―1is the lagged portfolio-weighted Amihud illiquidity, FundHFT 𝑓,𝑡―1 
259 is the lagged portfolio-weighted HFT intensity, and Controls 𝑓,𝑡―1} includes fund size, expense 
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260 ratio, age, maturity, and lagged fund returns. 𝛼𝑠(𝑓)denotes fund-style fixed effects and 𝜂𝑡 denotes 
261 month fixed effects. Standard errors are clustered at the fund level. The interaction term FundIliq 
262 × FundHFT tests whether HFT attenuates or amplifies the liquidity-fragility nexus.

263 Table 2 presents the results. Column (1) establishes the baseline: FundIliq is positively and highly 
264 significantly related to fund flow volatility (β = 1.842, t = 4.71), confirming that funds holding less 
265 liquid bond portfolios exhibit more volatile investor flows. This result is robust to the inclusion of 
266 style and month fixed effects and survives the addition of all fund-level controls. Column (2) 
267 introduces FundHFT: its coefficient is negative and statistically significant (β = −0.218, t = −3.12), 
268 indicating that HFT exposure in the portfolio is associated with lower flow volatility under average 
269 market conditions, consistent with a liquidity-stabilizing role for HFT.

270 Column (3) adds the interaction FundIliq × FundHFT. The coefficient on this interaction is 
271 negative and statistically significant (β = −0.412, t = −2.84), implying that HFT moderates the 
272 positive relationship between portfolio illiquidity and fund flow volatility. Put differently, the 
273 destabilizing effect of holding illiquid bonds on fund flows is attenuated in portfolios with higher 
274 HFT activity exposure — consistent with HFT serving a liquidity bridging function that reduces 
275 the transaction costs and price impact that would otherwise amplify investor redemption dynamics. 
276 Columns (4)– (6) split the sample into low, medium, and high interest rate environments. The HFT 
277 liquidity-buffering role is concentrated in the low-rate period (Column 4), where the interaction is 
278 significantly negative (β = −0.581, t = −3.22), but attenuates considerably in high-rate periods 
279 (Column 6), when the risk-free alternative is more readily available.

280 Table 2. Portfolio Liquidity, HFT Exposure, and Fund Flow Volatility

Dep: 
FundFlowVol (1) (2) (3) (4) Low Rates (5) Mid Rates (6) High Rates

FundIliq 
(Amihud) 1.842*** 1.791*** 2.118*** 2.431*** 1.982*** 1.204**

(4.71) (4.58) (5.02) (5.18) (4.22) (2.41)

FundHFT −0.218*** −0.241*** −0.312*** −0.198*** −0.104

(−3.12) (−3.38) (−3.91) (−2.74) (−1.22)

FundIliq × 
FundHFT −0.412** −0.581*** −0.384** −0.187

(−2.84) (−3.22) (−2.18) (−0.98)

FundSize −0.312*** −0.308*** −0.311*** −0.341*** −0.288*** −0.219**

(−6.12) (−6.08) (−6.14) (−5.88) (−4.71) (−2.14)

Fund Expense 0.184 0.192 0.188 0.241 0.172 0.118

(1.22) (1.28) (1.24) (1.42) (1.08) (0.64)

fudge −0.038*** −0.037*** −0.037*** −0.041*** −0.034*** −0.028**
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Dep: 
FundFlowVol (1) (2) (3) (4) Low Rates (5) Mid Rates (6) High Rates

(−7.21) (−7.14) (−7.18) (−6.88) (−5.92) (−2.81)

Controls Yes Yes Yes Yes Yes Yes

Fund Style FE Yes Yes Yes Yes Yes Yes

Year-Month 
FE Yes Yes Yes Yes Yes Yes

Observations 51,207 48,319 48,003 31,412 10,244 6,347

R-squared 0.284 0.291 0.298 0.312 0.274 0.261

281 Note. This table reports panel regressions of fund-level flow volatility on lagged portfolio 
282 illiquidity, HFT exposure, and their interaction. FundFlowVol is the 12-month trailing standard 
283 deviation of monthly fund flows (%). FundIliq is the portfolio-weighted Amihud (2002) illiquidity 
284 measure. FundHFT is the portfolio-weighted standardized HFT intensity index. Controls include 
285 FundSize (log TNA), Fund Expense (annual expense ratio, %), FundAge (years), FundTtm 
286 (portfolio average time-to-maturity), and lagged fund return. Standard errors are clustered at the 
287 fund level. ***, **, * denote significance at 1%, 5%, and 10% levels, respectively.

288
289 Figure 3. Amihud Illiquidity vs. Fund Flow Volatility (Scatter Plot). Each observation is a fund-
290 month. The horizontal axis plots the portfolio-weighted Amihud illiquidity measure; the vertical 
291 axis plots the 12-month trailing standard deviation of monthly fund flows (%). The red line is the 
292 OLS regression fit. N = 48,003.

293 4. High-Frequency Trading and Corporate Bond Price Dynamics

294 4.1. HFT and Intraday Price Efficiency
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295 A central empirical question in the bond microstructure literature is whether the growth of 
296 algorithmic and high-frequency trading in OTC corporate bond markets has improved or impaired 
297 price discovery and efficiency. In equity markets, HFT has been shown to improve price discovery 
298 through faster incorporation of information into prices (braggard et al., 2014; Carrion, 2013). 
299 However, the OTC structure of the corporate bond market — where trades are negotiated 
300 bilaterally between dealers and clients — is fundamentally different from the continuous limit-
301 order-book structure of exchanges, raising the question of whether the mechanisms through which 
302 HFT affects pricing efficiency transfer across market structures.

303 To address this question, we estimate the relationship between bond-level HFT intensity and the 
304 Variance Ratio (VR) measure of price efficiency, defined following Lo and McKinlay (1988) as 

305 VR(𝑞) = Var(𝑟𝑞
𝑡 )

𝑞 × Var(𝑟𝑡)
, where 𝑟𝑞

𝑡  is the q-period return and Var(r_t) is the variance of daily returns. A 

306 value of VR = 1 indicates a random walk (efficient pricing), while VR < 1 indicates negative 
307 autocorrelation (return reversals) and VR > 1 indicates positive autocorrelation (momentum). In 
308 OTC bond markets, prior literature documents substantial return reversals (VR < 1), attributed to 
309 transient price pressure from dealer inventory management and institutional trading (Bao et al., 
310 2011; Dick-Nielsen et al., 2012; Firewalled et al., 2012).

311 Table 3 reports the bond-level panel regressions of the variance ratio on HFT intensity and 
312 controls. Column (1) shows that greater HFT intensity is associated with variance ratios closer to 
313 one (β = 0.128, t = 3.84), suggesting that HFT activity reduces the degree of return reversal and 
314 improves price efficiency in the full sample. This relationship is stronger for investment-grade 
315 bonds (Column 2, β = 0.162, t = 4.12) than for high-yield bonds (Column 3, β = 0.087, t = 2.01), 
316 consistent with the fact that HFT activity is concentrated in more liquid, frequently traded issues. 
317 Column (4) introduces an indicator for stress periods (GFC, Taper Tantrum, and COVID-19 
318 episodes) and its interaction with HFT. The interaction coefficient is negative and statistically 
319 significant (β = −0.341, t = −3.62), indicating that the price-efficiency-enhancing effect of HFT 
320 reverses during market stress — consistent with HFT withdrawal amplifying return reversals when 
321 liquidity is most needed.

322 Table 4 examines the relationship between HFT intensity and the bid-ask spread, which serves as 
323 a direct measure of the cost of liquidity provision. The central finding is that HFT intensity is 
324 robustly and negatively associated with bid-ask spreads: a one-standard-deviation increase in HFT 
325 intensity is associated with a 12.4 basis point reduction in bid-ask spreads in the full sample 
326 (Column 1), confirming the liquidity-enhancing role of HFT under normal conditions. However, 
327 splitting by rating group (Columns 2–3) reveals that this effect is approximately twice as large for 
328 investment-grade bonds as for high-yield bonds, reflecting the greater electronic participation in 
329 more liquid IG markets. Interacting HFT with the stress period indicator (Column 4) yields a 
330 positive and significant interaction coefficient (β = 0.284, t = 3.18), confirming the reversal: during 
331 stress periods, HFT withdrawal is associated with significantly wider spreads.

332 Table 3. HFT Intensity and Bond Price Efficiency (Variance Ratio)
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Dep: Variance 
Ratio (1) Full (2) IG (3) HY (4) Full + 

Stress (5) Low Rate (6) High Rate

HFT_Idx 0.128*** 0.162*** 0.087** 0.184*** 0.141*** 0.098**

(3.84) (4.12) (2.01) (4.28) (3.92) (2.34)

HFT_Idx × 
Stress Period −0.341***

(−3.62)

StressPeriod −0.218***

(−4.81)

Bondmaid −0.312*** −0.284*** −0.348*** −0.318*** −0.341*** −0.271***

(−8.41) (−6.82) (−7.14) (−8.52) (−7.91) (−5.28)

Bond Size 
(log) 0.042*** 0.048*** 0.031** 0.041*** 0.044*** 0.037***

(5.12) (4.88) (2.84) (5.08) (4.92) (3.41)

Bondage 
(months) −0.008*** −0.007*** −0.010*** −0.008*** −0.009*** −0.007***

(−6.21) (−4.84) (−5.92) (−6.18) (−5.88) (−4.12)

Issuer FE Yes Yes Yes Yes Yes Yes

Year-Month 
FE Yes Yes Yes Yes Yes Yes

Observations 248,714 148,912 99,802 248,714 162,418 86,296

R-squared 0.341 0.362 0.318 0.352 0.344 0.329

333 Note. This table reports bond-level panel regressions of the Lo–McKinlay (1988) variance ratio 
334 (VR (5)) on HFT intensity and controls. VR > 1 indicates positive autocorrelation; VR < 1 indicates 
335 reversals. StressPeriod is a dummy for GFC (2008Q3–2009Q2), Taper Tantrum (2013Q2–Q3), 
336 and COVID-19 (2020Q1). All variables are lagged one period. Standard errors are double-
337 clustered at the bond and month levels. ***, **, * indicate 1%, 5%, and 10% significance.
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338
339 Figure 4. Flow-Performance Sensitivity Coefficients by Portfolio Liquidity Quintile. This figure 
340 plots the estimated coefficients on lagged fund performance from fund-flow regressions, 
341 separately for downside (negative past-return months, dark blue) and upside (non-negative past-
342 return months, red) performance states, across five quintiles of portfolio illiquidity (Q1 = most 
343 illiquid, Q5 = most liquid). Estimates are from Table 5.

344 Table 4. HFT Intensity and Corporate Bond Bid-Ask Spread

Dep: 
BidAskSpread 
(bps)

(1) Full (2) IG Only (3) HY Only (4) With 
Stress (5) Low Rate (6) High Rate

HFT_Idx −12.41*** −9.82*** −18.64*** −14.28*** −13.11*** −10.84***

(−6.28) (−5.14) (−7.32) (−6.81) (−6.12) (−4.88)

HFT_Idx × 
StressPeriod 28.41***

(3.18)

StressPeriod 42.18***

(8.24)

BondAmihud 84.12*** 61.48*** 114.82*** 83.71*** 88.24*** 74.91***

(12.81) (9.42) (14.21) (12.78) (11.92) (9.28)

Bond Maturity 
(yrs) 2.418*** 1.842*** 3.214*** 2.401*** 2.512*** 2.218***

(8.14) (5.92) (7.84) (8.08) (7.82) (6.14)
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Dep: 
BidAskSpread 
(bps)

(1) Full (2) IG Only (3) HY Only (4) With 
Stress (5) Low Rate (6) High Rate

Log (bond 
Size) −8.412*** −6.318*** −11.284*** −8.388*** −8.491*** −8.214***

(−9.28) (−7.14) (−10.28) (−9.22) (−8.88) (−7.41)

Rating 
(Numeric) 3.218*** 2.814*** 4.128*** 3.201*** 3.342*** 2.918***

(11.28) (8.42) (12.14) (11.21) (10.88) (8.14)

Issuer FE Yes Yes Yes Yes Yes Yes

Year-Month 
FE Yes Yes Yes Yes Yes Yes

Observations 248,714 148,912 99,802 248,714 162,418 86,296

R-squared 0.628 0.641 0.612 0.634 0.631 0.619

345 Note. This table reports bond-level panel regressions of bid-ask spread (basis points) on HFT 
346 intensity and controls. The bid-ask spread is estimated from TRACE Enhanced matched round-
347 trip transactions. Rating (Numeric) assigns values 1 (AAA) through 21 (D) to Moody’s bond 
348 ratings. All variables are lagged one period. Standard errors are double-clustered at the bond and 
349 month levels. ***, **, * indicate 1%, 5%, and 10% significance.

350
351 Figure 5. Correlation Heatmap of Key Variables. This heatmap presents pairwise Pearson 
352 correlations among the five primary variables: Amihud illiquidity (Amihud), bid-ask spread 
353 (Bidisk), HFT intensity index (HFT_Idx), bond price volatility (precool), and fund flow volatility 
354 (FundFlow). Darker red shading indicates stronger positive correlation; darker blue indicates 
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355 weaker or negative correlation. All correlations are computed on the full monthly panel (N = 
356 48,003).

357 5. Portfolio Liquidity and Fund Flow-Performance Dynamics

358 5.1. Liquidity and Flow-Performance Concavity

359 A well-established finding in the bond fund literature is that the flow-performance relationship 
360 exhibits concavity: outflows after poor performance are proportionally larger than inflows after 
361 good performance (Goldstein et al., 2017; Chen & Qin, 2017). This concavity is attributed to 
362 strategic complementarities among investors: because bond fund portfolios are illiquid and daily 
363 NAV liquidation is costly, investors who anticipate redemption-driven fire sales have an incentive 
364 to redeem ahead of peers, amplifying outflows following negative performance realizations. The 
365 severity of this first-mover advantage should be increasing in portfolio illiquidity, since more 
366 illiquid portfolios imply higher prospective fire-sale discounts.

367 We test this hypothesis directly by estimating the following piecewise linear regression, 
368 augmented with a three-way interaction between fund performance, a negative-performance 
369 indicator, and portfolio illiquidity:

370

FundFlow𝑓,𝑡
= 𝛼𝑠(𝑓) + 𝜂𝑡 + 𝛽1FundPerf𝑓,𝑡―1 + 𝛽2NegPerf𝑓,𝑡―1 + 𝛽3FundIliq𝑓,𝑡―1 + 𝛽4

(FundPerf𝑓,𝑡―1 × FundIliq𝑓,𝑡―1) + 𝛽5(FundPerf𝑓,𝑡―1 × NegPerf𝑓,𝑡―1) + 𝛽6(NegPerf
𝑓,𝑡―1 × FundIliq𝑓,𝑡―1) + 𝛽7(FundPerf𝑓,𝑡―1 × NegPerf𝑓,𝑡―1 × FundIliq𝑓,𝑡―1) + 𝛾′

Controls𝑓,𝑡―1 + 𝜀𝑓,𝑡

371 where Nagger𝑓,𝑡―1is an indicator equal to one if past performance is negative. The key coefficient 
372 of interest is β7, which captures how portfolio illiquidity moderates the asymmetric sensitivity of 
373 fund flows to negative performance. Our hypothesis predicts β7 < 0: funds with more illiquid 
374 portfolios should exhibit steeper flow-performance concavity in the loss region.

375 Table 5 reports the results. The baseline concavity is confirmed: the coefficient on Finder × Nagpur 
376 is positive and statistically significant in all specifications (Column 1: β = 0.284, t = 3.12), 
377 consistent with greater flow sensitivity in the negative performance region. Crucially, the triple 
378 interaction fender × NegPerf × FundIliq is negative and highly significant in the full sample 
379 (Column 1: β = −0.512, t = −3.84), confirming that portfolio illiquidity amplifies the concavity of 
380 the flow-performance relationship. At the 75th percentile of FundIliq, the implied incremental 
381 downside flow sensitivity relative to the 25th percentile is approximately 0.21 percentage points 
382 per unit of negative performance — economically substantial relative to average monthly flows of 
383 approximately 1% of TNA.

384 Splitting by interest rate environment in Columns (4)– (6) reveals important state-dependence: the 
385 illiquidity-concavity amplification effect is significantly stronger in low-rate periods (β = −0.684, 
386 t = −4.12) than in high-rate periods (β = −0.298, t = −2.14). This is consistent with the idea that 
387 when risk-free income alternatives are scarce, investors are more sensitive to performance losses 
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388 in their primary income-generating vehicle, and the strategic complementarities under illiquidity 
389 are thus more severe.

390 Table 5. Portfolio Illiquidity and Flow-Performance Concavity

Dep: 
FundFlow (%) (1) Full (2) FundRet (3) FundAlpha (4) Low Rate (5) Mid Rate (6) High Rate

FundPerf × 
NegPerf × 
FundIliq

−0.512*** −0.488*** −0.584*** −0.684*** −0.512*** −0.298**

(−3.84) (−3.62) (−3.91) (−4.12) (−3.42) (−2.14)

FundPerf × 
NegPerf 0.284*** 0.271*** 0.312*** 0.342*** 0.281*** 0.208**

(3.12) (2.98) (3.28) (3.41) (2.88) (2.24)

FundPerf × 
FundIliq −0.218** −0.201** −0.248** −0.284** −0.218** −0.141

(−2.84) (−2.62) (−2.91) (−3.08) (−2.64) (−1.42)

FundIliq 1.284*** 1.248*** 1.312*** 1.484*** 1.284*** 0.981**

(4.12) (3.92) (4.28) (4.48) (3.88) (2.18)

FundHFT −0.148** −0.141** −0.158** −0.192** −0.148** −0.094

(−2.61) (−2.48) (−2.72) (−3.01) (−2.42) (−1.28)

FundPerf 0.074* 0.071* 0.812*** 0.082* 0.074* 0.058

(1.88) (1.81) (4.92) (1.92) (1.84) (1.12)

NegPerf −0.281*** −0.274*** −0.312*** −0.341*** −0.281*** −0.208***

(−3.84) (−3.62) (−4.08) (−4.12) (−3.48) (−2.81)

Controls Yes Yes Yes Yes Yes Yes

Fund Style FE Yes Yes Yes Yes Yes Yes

Year-Month 
FE Yes Yes Yes Yes Yes Yes

Observations 48,003 48,003 47,412 31,412 10,244 6,347

R-squared 0.162 0.158 0.171 0.178 0.156 0.148

391 Note. This table reports panel regressions of monthly fund flows on past performance, portfolio 
392 illiquidity, and their interactions. FundPerf is either raw monthly return (FundRet, Columns 1–2, 
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393 4–6) or 18-month trailing two-factor alpha (FundAlpha, Column 3). FundIliq is the lagged 
394 portfolio-weighted Amihud illiquidity. NegPerf equals one if FundPerf < 0. Controls include 
395 FundSize, FundTtm, Fund Expense, FundAge, lagged FundFlow, FundFlowVol, and Cundiff. 
396 Standard errors are clustered at the fund level. ***, **, * denote 1%, 5%, and 10% significance.

397 5.2. HFT Moderating Effect on Fund Flow Dynamics

398 5.2.1. HFT as a Liquidity Stabilizer for Investor Redemptions

399 Having established that portfolio illiquidity amplifies flow-performance concavity, we now 
400 investigate whether HFT exposure in the portfolio attenuates this relationship. The intuition is 
401 straightforward: if HFT improves the speed and cost of bond liquidation by providing continuous 
402 electronic quotes and narrowing spreads, then managers of funds with higher HFT exposure can 
403 execute redemption-driven asset sales at lower cost, reducing the first-mover advantage that drives 
404 strategic redemption complementarities. This would predict that HFT dampens the illiquidity-
405 induced amplification of downside flow sensitivity.

406 To test this conjecture, we estimate an extended version of the flow-performance regression that 
407 includes portfolio-level HFT intensity and its interactions with both performance and portfolio 
408 illiquidity. Table 6 presents these results. Column (1) confirms that FundHFT enters negatively 
409 and significantly in the flow-volatility regression (β = −0.148, t = −2.61), consistent with HFT-
410 exposed funds experiencing less volatile investor flows. More importantly, Column (2) introduces 
411 the interaction FundPerf × FundHFT: the coefficient is positive and significant (β = 0.182, t = 
412 2.84), indicating that HFT increases the flow-performance sensitivity — investors in HFT-exposed 
413 funds are more responsive to performance, consistent with these funds attracting a more 
414 information-sensitive investor clientele. However, the three-way interaction FundPerf × NegPerf 
415 × FundHFT (Column 3) is negative and significant (β = −0.241, t = −2.68), meaning that in the 
416 loss region specifically, HFT exposure dampens the excess flow sensitivity characteristic of 
417 illiquid bond funds. This is consistent with HFT reducing the effective illiquidity discount that 
418 investors anticipate in stressed states.

419 Table 6. HFT Intensity, Portfolio Illiquidity, and Flow-Performance Dynamics

Dep: 
FundFlow (%) (1) (2) (3) (4) Perf<0 (5) Perf≥0 (6) Stress

FundPerf × 
NegPerf × 
FundHFT

−0.241** −0.318*** −0.412***

(−2.68) (−3.14) (−3.82)

FundPerf × 
NegPerf × 
FundIliq

−0.488*** −0.614*** −0.721***

(−3.41) (−4.12) (−4.88)
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Dep: 
FundFlow (%) (1) (2) (3) (4) Perf<0 (5) Perf≥0 (6) Stress

FundPerf × 
FundHFT 0.182** 0.024 0.028

(2.84) (0.31) (0.38)

FundHFT −0.148** −0.152** −0.144** −0.184** −0.118* −0.212**

(−2.61) (−2.68) (−2.54) (−2.81) (−1.88) (−2.94)

FundIliq 1.284*** 1.291*** 1.312*** 1.484*** 1.128*** 1.684***

(4.12) (4.18) (4.22) (4.48) (3.82) (5.12)

FundPerf 0.074* 0.048 0.058 0.412*** 0.058 0.082

(1.88) (1.12) (1.38) (5.12) (1.38) (1.52)

NegPerf −0.281*** −0.288*** −0.274*** −0.342***

(−3.84) (−3.92) (−3.72) (−4.12)

Controls Yes Yes Yes Yes Yes Yes

Fund Style FE Yes Yes Yes Yes Yes Yes

Year-Month 
FE Yes Yes Yes Yes Yes Yes

Observations 48,003 48,003 48,003 14,212 33,791 8,412

R-squared 0.158 0.162 0.168 0.148 0.174 0.182

420 Note. This table extends the baseline flow-performance regressions to include fund-level HFT 
421 exposure (FundHFT) and its interactions with performance and portfolio illiquidity. Column (4) 
422 restricts to negative-performance months; Column (5) to non-negative months; Column (6) to 
423 stress periods (GFC 2008–2009, Taper Tantrum 2013, COVID-19 2020Q1). All other 
424 specifications and controls are identical to Table 5. Standard errors clustered at the fund level. ***, 
425 **, * = 1%, 5%, 10% significance.

426 6. Institutional Holdings, HFT Activity, and Bond Return Reversals

427 6.1. Price Pressure and Return Reversals

428 Corporate bond prices exhibit well-documented temporary dislocations from fundamental values, 
429 as measured by return reversals over horizons of one to four weeks (Bao et al., 2011; firewalls et 
430 al., 2012; Dick-Nielsen et al., 2012). These reversals reflect the imperfect liquidity provision in 
431 OTC markets and the resulting inventory costs borne by dealers and other intermediaries. A 
432 growing literature argues that flow-driven trading by institutional investors — particularly mutual 
433 funds experiencing outflows — generates temporary price pressure that is subsequently reversed 
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434 (Copal & Stafford, 2007; Greenwood & Tesmer, 2011; Drescher et al., 2023a). In this section, we 
435 investigate whether and how HFT activity moderates the magnitude of these return reversals, 
436 which serve as a proxy for temporary pricing inefficiency.

437 Table 7 presents bond-level regressions of the reversal measure — the negative of the one-month 
438 autocovariance of returns, following Bao et al. (2011) — on measures of institutional ownership 
439 concentration, HFT intensity, and fund flow shocks. Column (1) establishes the baseline: greater 
440 institutional ownership concentration (measured as the Herfindahl-Hirschman Index of mutual 
441 fund holders’ stakes in the bond issue) is positively associated with return reversals (β = 0.184, t 
442 = 3.28), consistent with brasher et al. (2023b) who show that concentrated institutional holdings 
443 amplify price fragility. Column (2) adds HFT intensity: greater HFT activity is associated with 
444 smaller return reversals (β = −0.142, t = −3.14), consistent with algorithmic traders providing 
445 stabilizing liquidity that absorbs temporary price pressure.

446 The interaction between institutional ownership concentration and HFT intensity in Column (3) is 
447 negative and significant (β = −0.218, t = −2.88), indicating that HFT dampens the ownership-
448 concentration amplification of return reversals. This is consistent with a model in which HFT 
449 firms, monitoring the electronic order flow, identify and trade against temporary price dislocations 
450 created by institutional rebalancing. Column (4) introduces fund-level flow shocks 
451 (FundFlowShock, defined as the orthogonalized component of fund flows with respect to past 
452 performance) to isolate demand-driven price pressure. The coefficient on FundFlowShock is 
453 negative and significant (β = −0.312, t = −4.12), consistent with net outflows inducing larger return 
454 reversals via fire-sale price pressure. The HFT × FundFlowShock interaction (Column 5) is 
455 positive and significant (β = 0.241, t = 3.08), indicating that HFT attenuates the price-pressure-
456 reversal effect of fund flow shocks.

457 Table 7. Institutional Holdings, HFT Activity, and Bond Return Reversals

Dep: Reversal 
Measure (1) (2) (3) (4) (5) (6) Stress 

Only

HHI 
(Ownership 
Conc.)

0.184*** 0.178*** 0.291*** 0.182*** 0.288*** 0.412***

(3.28) (3.18) (4.12) (3.24) (4.08) (5.14)

HFT_Idx −0.142*** −0.108** −0.138*** −0.101** 0.284***

(−3.14) (−2.21) (−3.08) (−2.08) (3.82)

HFT_Idx × HHI −0.218** −0.212** 0.341***

(−2.88) (−2.81) (4.18)

FundFlowShock −0.312*** −0.308*** −0.412***
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Dep: Reversal 
Measure (1) (2) (3) (4) (5) (6) Stress 

Only

(−4.12) (−4.08) (−4.88)

HFT_Idx × 
FundFlowShock 0.241*** −0.312***

(3.08) (−3.82)

BondAmihud 0.812*** 0.784*** 0.792*** 0.804*** 0.812*** 1.284***

(8.12) (7.88) (7.94) (8.04) (8.10) (9.84)

Log (bond Size) −0.041*** −0.038*** −0.040*** −0.041*** −0.039*** −0.058***

(−5.12) (−4.88) (−5.08) (−5.10) (−4.92) (−5.84)

Bondage 0.018*** 0.017*** 0.018*** 0.018*** 0.017*** 0.024***

(6.12) (5.88) (6.08) (6.10) (5.92) (6.84)

Issuer FE Yes Yes Yes Yes Yes Yes

Year-Month FE Yes Yes Yes Yes Yes Yes

Observations 248,714 248,714 248,714 241,218 241,218 28,412

R-squared 0.418 0.424 0.431 0.438 0.444 0.512

458 Note. This table reports bond-level panel regressions of the Bao et al. (2011) return reversal 
459 measure on institutional ownership concentration (HHI), HFT activity, and fund flow shocks. 
460 FundFlowShock is the residual from a regression of fund-level flows on past 18-month returns and 
461 fund characteristics. Column (6) restricts to three defined stress periods. Standard errors are 
462 double-clustered at the bond and month levels. ***, **, * = 1%, 5%, 10% significance.
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463
464 Figure 6. Distribution of Bid-Ask Spreads by Portfolio Liquidity Tier (Box Plot). This figure 
465 presents the distribution of bond-level bid-ask spreads (basis points) across five fund portfolio 
466 liquidity tiers, defined by quintiles of FundIliq (portfolio-weighted Amihud illiquidity). Each box 
467 shows the interquartile range, with the horizontal red line indicating the median. Whiskers extend 
468 to the 5th and 95th percentiles. The sample covers 2003–2023 (annual averages).

469 7. Liquidity, HFT, and Fund Return Predictability

470 7.1. Portfolio Liquidity and Fund Alpha

471 The evidence so far establishes that portfolio illiquidity amplifies fund flow-performance 
472 concavity, and that HFT provides a partial offset to this amplification under normal conditions. A 
473 natural follow-on question is whether these microstructure dynamics — portfolio illiquidity and 
474 HFT exposure — translate into systematic differences in risk-adjusted fund returns. Prior work in 
475 the bond fund literature has documented a positive relationship between illiquidity exposure and 
476 fund returns (Pastor & Stambaugh, 2003; Sedki, 2010; Bao et al., 2011), consistent with 
477 compensation for liquidity risk. However, the interaction between HFT exposure and fund-level 
478 return predictability has received little empirical attention, particularly for corporate bond mutual 
479 funds.

480 Table 8 presents Fama-MacBeth regressions of fund monthly raw returns (Columns 1–3) and two-
481 factor alphas (Columns 4–6) on lagged FundIliq, FundHFT, and fund characteristics. In the full 
482 sample (Column 1), FundIliq is positively related to subsequent raw returns (β = 0.184, t = 3.12), 
483 consistent with compensation for liquidity risk. However, FundHFT is also positively related to 
484 subsequent returns (β = 0.062, t = 4.28), suggesting that funds with greater HFT exposure in their 
485 portfolio earn higher short-run returns — perhaps because HFT-active bonds exhibit faster price 
486 discovery and lower transaction costs that translate into higher NAV-level returns. In Columns 2–
487 3, splitting by rate environment reveals that the return predictability of FundIliq is stronger in low-
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488 rate periods (β = 0.241, t = 3.88) and attenuates in high-rate periods (β = 0.112, t = 2.14), consistent 
489 with illiquidity risk being priced more in credit markets when competing income alternatives are 
490 scarce.

491 For risk-adjusted returns (Columns 4–6), FundIliq continues to predict positive alphas (full sample 
492 β = 0.091, t = 5.14), while FundHFT is also positive and significant (β = 0.028, t = 4.88). The 
493 alpha-predictability of FundHFT is particularly interesting because it survives the two-factor risk 
494 adjustment, indicating that HFT exposure generates excess returns beyond market and interest rate 
495 beta. This is consistent with the view that funds holding HFT-active bonds benefit from superior 
496 transaction execution that creates persistent alpha rather than merely reflecting risk compensation.

497 Table 8. Portfolio Liquidity, HFT Exposure, and Fund Return Predictability (Fama-MacBeth)

Dep: 
FundPerf (1) Full Ret (2) Low 

Rate Ret
(3) High 
Rate Ret

(4) Full 
Alpha

(5) Low 
Rate Alpha

(6) High 
Rate Alpha

FundIliq 0.184*** 0.241*** 0.112** 0.091*** 0.118*** 0.058***

(3.12) (3.88) (2.14) (5.14) (6.28) (3.12)

FundHFT 0.062*** 0.078** 0.041* 0.028*** 0.034*** 0.021**

(4.28) (2.84) (1.78) (4.88) (5.14) (2.68)

FundSize 0.042 0.039 0.051 0.018*** 0.011** 0.024**

(1.62) (1.12) (1.68) (3.84) (2.94) (2.18)

FundExpense 0.082 0.048 0.142* 0.048*** 0.044*** 0.051***

(1.48) (0.72) (1.82) (4.12) (3.28) (2.88)

FundAge −0.004 0.001 −0.008 −0.003** −0.000 −0.006**

(−1.12) (0.42) (−1.28) (−2.14) (−0.38) (−2.08)

FundFlowVol 0.005 0.006 0.004 0.001 0.001 0.001

(1.14) (0.82) (1.08) (0.72) (1.28) (0.48)

Constant 0.018 0.148** −0.194 −0.032 −0.042** −0.018

(0.24) (2.28) (−1.38) (−1.12) (−2.14) (−0.38)

Observations 48,003 31,412 16,591 47,412 30,822 16,590

R-squared 
(avg) 0.418 0.428 0.424 0.241 0.218 0.272

498 Note. This table reports Fama-MacBeth (1973) cross-sectional regressions of monthly fund 
499 performance on lagged fund-level liquidity and HFT exposure. FundIliq is the portfolio-weighted 
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500 Amihud illiquidity. FundHFT is the portfolio-weighted standardized HFT intensity index. 
501 Performance is either raw monthly return (Ret, Columns 1–3) or 18-month trailing two-factor 
502 alpha (Alpha, Columns 4–6). Newey-West standard errors (12 lags) are used. ***, **, * = 1%, 5%, 
503 10% significance.

504 8. Robustness Analyses and Additional Tests

505 8.1. Alternative Liquidity Measures

506 Our primary liquidity measure is the portfolio-weighted Amihud (2002) illiquidity ratio. To verify 
507 that our results are not sensitive to this particular specification, Table 9 re-estimates the core flow-
508 performance concavity regressions (Table 5, Column 1) substituting four alternative measures of 
509 portfolio liquidity: (1) the portfolio-weighted bid-ask spread, (2) the portfolio-weighted zero-
510 trading-days fraction, (3) the portfolio-weighted Roll (1984) implicit spread, and (4) the first 
511 principal component of all five individual measures (composite illiquidity). The triple interaction 
512 FundPerf × NegPerf × FundIliq remains negative and statistically significant across all four 
513 alternative measures, with coefficients ranging from −0.384 (zero-trading-days) to −0.541 (bid-
514 ask spread), confirming that the illiquidity-concavity amplification result is robust to the choice of 
515 liquidity measure.

516 Table 10 verifies robustness across alternative subsamples. Excluding the three defined stress 
517 periods from the sample (Columns 1–2) yields qualitatively similar results with slightly attenuated 
518 magnitudes, consistent with the view that stress periods amplify (rather than generate) the 
519 underlying illiquidity-concavity relationship. Restricting to investment-grade bond funds only 
520 (Columns 3–4) or to high-yield bond funds only (Columns 5–6) reveals that the core results hold 
521 in both subsets, although the magnitude of the triple interaction is approximately 40% larger for 
522 high-yield funds, consistent with the greater illiquidity exposure and investor clientele fragility in 
523 that segment. Finally, limiting the sample to funds with at least 36 months of continuous CRSP 
524 coverage (Column 7) eliminates potential concerns about survivorship bias while leaving all 
525 coefficients qualitatively unchanged.

526 Table 9. Robustness: Alternative Liquidity Measures

Dep: 
FundFlow (1) Amihud (2) BidAsk (3) 

ZeroTrades (4) Roll (5) Composite (6) All 
Controls

FundPerf × 
NegPerf × 
FundIliq

−0.512*** −0.541*** −0.384** −0.428*** −0.498*** −0.484***

(−3.84) (−4.12) (−2.88) (−3.24) (−3.72) (−3.62)

FundPerf × 
NegPerf 0.284*** 0.312*** 0.248** 0.268*** 0.278*** 0.271***
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Dep: 
FundFlow (1) Amihud (2) BidAsk (3) 

ZeroTrades (4) Roll (5) Composite (6) All 
Controls

(3.12) (3.42) (2.72) (2.94) (3.04) (2.98)

FundIliq 
(respective 
measure)

1.284*** 1.418*** 0.982*** 1.082*** 1.312*** 1.248***

(4.12) (4.48) (3.42) (3.72) (4.22) (3.92)

Controls Yes Yes Yes Yes Yes Yes

Fund Style FE Yes Yes Yes Yes Yes Yes

Year-Month 
FE Yes Yes Yes Yes Yes Yes

Observations 48,003 47,812 47,384 47,612 47,212 48,003

R-squared 0.168 0.172 0.162 0.165 0.170 0.174

527 Note. This table replicates the core flow-performance concavity specification from Table 5, 
528 Column (1), substituting alternative measures of portfolio illiquidity. All specifications include the 
529 same control variables, fund-style fixed effects, and year-month fixed effects. Standard errors are 
530 clustered at the fund level. ***, **, * = 1%, 5%, 10% significance.

531 Table 10. Robustness: Subsamples and Alternative Sample Restrictions

Dep: 
FundFlow

(1) Ex-
Stress

(2) Ex-
Stress+HFT (3) IG Only (4) IG+HFT (5) HY Only (6) 

HY+HFT (7) 36m Min

FundPerf × 
NegPerf × 
FundIliq

−0.412*** −0.388*** −0.448*** −0.421*** −0.628*** −0.594*** −0.502***

(−3.12) (−2.94) (−3.42) (−3.18) (−3.82) (−3.58) (−3.72)

FundPerf × 
NegPerf 0.241*** 0.228*** 0.261*** 0.248*** 0.348*** 0.328*** 0.278***

(2.64) (2.48) (2.88) (2.72) (3.12) (2.94) (3.04)

FundIliq 1.182*** 1.164*** 1.214*** 1.198*** 1.484*** 1.462*** 1.268***

(3.78) (3.62) (3.92) (3.78) (4.12) (3.98) (3.88)

Controls Yes Yes Yes Yes Yes Yes Yes

Fund Style 
FE Yes Yes Yes Yes Yes Yes Yes

Year-Month 
FE Yes Yes Yes Yes Yes Yes Yes
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Dep: 
FundFlow

(1) Ex-
Stress

(2) Ex-
Stress+HFT (3) IG Only (4) IG+HFT (5) HY Only (6) 

HY+HFT (7) 36m Min

Observations 39,591 38,218 31,214 29,812 16,789 16,214 42,818

R-squared 0.162 0.166 0.158 0.162 0.178 0.182 0.164

532 Note. Columns (1)– (2) exclude three defined stress periods. Columns (3)– (4) restrict to 
533 investment-grade-mandate funds; Columns (5)– (6) to high-yield-mandate funds. Column (7) 
534 requires at least 36 consecutive months of CRSP observations per fund. All specifications 
535 otherwise identical to Table 5. ***, **, * = 1%, 5%, 10% significance.

536 8.2. Instrumental Variable Estimates

537 A potential concern with our OLS estimates is that portfolio illiquidity and HFT exposure may 
538 both be endogenous: fund managers may self-select into particular bond liquidity profiles based 
539 on investor flows, past performance, or other unobserved characteristics that independently 
540 determine flow dynamics. To address this concern, we employ two instrumental variable 
541 strategies. First, following Thundercat et al. (2011) and Brocard et al. (2014), we use the rollout 
542 of upgraded co-location facilities and fiber-optic connectivity enhancements at major fixed-
543 income electronic trading venues (e.g., Marketizes, Tradeweb) as an exogenous shock to HFT 
544 intensity in specific bond segments. These infrastructure upgrades reduced latency for algorithmic 
545 traders in affected bond categories, generating plausibly exogenous variation in HFT intensity 
546 across bonds and time. Second, for portfolio illiquidity, we exploit the SEC’s staggered adoption 
547 of Rule 22e-4 (the liquidity risk management rule, adopted July 2018) as an event study that 
548 provides exogenous variation in fund-level liquidity management incentives.

549 Table 11 reports IV estimates using the infrastructure rollout instrument for HFT intensity. The 
550 first stage (Column 1) confirms that the connectivity upgrade indicator strongly predicts HFT 
551 intensity (F-statistic = 48.2, well above the conventional weak instrument threshold of 10). The IV 
552 second-stage estimate (Column 2) shows that the causal effect of FundHFT on fund flow volatility 
553 is −0.412 (t = −3.28), substantially larger in magnitude than the corresponding OLS estimate of 
554 −0.218, consistent with measurement error in our OLS specification attenuating the true causal 
555 effect. Column (3) presents the analogous IV results for the triple interaction FundPerf × NegPerf 
556 × FundIliq: the causal estimate is −0.684 (t = −3.42), again larger than the OLS coefficient of 
557 −0.512, reinforcing the interpretation that portfolio illiquidity causally amplifies flow-performance 
558 concavity.

559 Table 11. Instrumental Variable Estimates

(1) First Stage (2) IV: 
FundFlowVol

(3) IV: FlowPerf 
Concavity

(4) Placebo HFT 
Instrument (5) Rule 22e-4 IV

HFT 
Connectivity 
Instrument

0.482*** 0.018
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(1) First Stage (2) IV: 
FundFlowVol

(3) IV: FlowPerf 
Concavity

(4) Placebo HFT 
Instrument (5) Rule 22e-4 IV

(8.84) (0.42)

Rule 22e-4 
Instrument −0.218***

(−4.12)

FundHFT 
(instrumented) −0.412***

(−3.28)

FundPerf × 
NegPerf × 
FundIliq 
(instrumented)

−0.684***

(−3.42)

F-statistic (first 
stage) 48.2***

Hansen J (overid 
p-val) 0.412 0.384

Controls Yes Yes Yes Yes Yes

Fund Style FE Yes Yes Yes Yes Yes

Year-Month FE Yes Yes Yes Yes Yes

Observations 31,218 31,218 28,412 31,218 24,816

560 Note. Column (1) reports the first-stage regression of FundHFT on the connectivity upgrade 
561 instrument and controls. Column (2) reports the IV second-stage estimate of the effect of FundHFT 
562 on fund flow volatility. Column (3) reports the IV estimate for the triple interaction. Column (4) 
563 uses a placebo instrument (randomly assigned connectivity upgrade dates) to confirm invalidity. 
564 Column (5) uses the staggered Rule 22e-4 adoption as an instrument for FundIliq. Standard errors 
565 clustered at the fund level. ***, **, * = 1%, 5%, 10% significance.

566 9. Stress Episodes: GFC, Taper Tantrum, and COVID-19

567 9.1. Comparative Analysis Across Stress Events

568 The global financial crisis of 2008–2009, the Federal Reserve’s tapering announcement of May 
569 2013, and the COVID-19-induced Dash-for-Cash of March 2020 represent three distinct, 
570 historically significant episodes of market-wide stress in U.S. corporate bond markets. While all 
571 three events produced sharp increases in bid-ask spreads, fund outflows, and bond price volatility, 
572 they differed considerably in their triggers, duration, and the degree of HFT market participation. 
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573 The GFC was characterized by a prolonged deterioration of dealer balance sheets and credit 
574 quality, lasting from approximately August 2008 through June 2009. The Taper Tantrum was a 
575 brief but sharp episode of monetary policy uncertainty, concentrated in May–August 2013. The 
576 COVID-19 Dash-for-Cash was an unprecedented, near-instantaneous liquidity demand shock in 
577 March 2020, in which corporate bond mutual funds experienced cumulative outflows of 
578 approximately 10% of TNA within six weeks (folate et al., 2021).

579 Table 12 presents a comparative analysis of our key variables across these three stress episodes 
580 and a non-stress baseline. Panel A confirms that bid-ask spreads widened dramatically in all three 
581 episodes: from a non-stress average of 78.2 basis points to 184.6 bps in the GFC, 112.4 bps in the 
582 Taper Tantrum, and 198.8 bps in the COVID-19 event — with the COVID-19 episode producing 
583 the widest spreads in our entire sample period, exceeding even the GFC peak. Panel B shows that 
584 HFT activity declined in all three episodes (by 28%, 14%, and 41%, respectively, relative to the 
585 preceding quarter), with the COVID-19 withdrawal being particularly sharp. Panel C documents 
586 that monthly fund outflows were largest during the GFC (mean −3.84% of TNA) and the COVID-
587 19 event (−5.21%), substantially larger than Taper Tantrum outflows (−1.42%). These patterns 
588 confirm the stylized facts motivating our empirical design.

589 Table 12. Key Variables Across Stress Episodes vs. Non-Stress Baseline

Variable Non-Stress GFC (2008–
2009)

Taper Tantrum 
(2013)

COVID-19 
(2020Q1)

Diff (COVID vs. 
Non-Stress)

Panel A: 
Liquidity 
Measures

BidAskSpread 
(bps) 78.2 184.6 112.4 198.8 +120.6***

Amihud 
Illiquidity 0.121 0.384 0.218 0.442 +0.321***

ZeroTradeDays 
(%) 0.284 0.512 0.384 0.548 +0.264***

Panel B: HFT 
Activity

HFT Index (raw) 0.412 0.296 0.354 0.242 −0.170***

HFT Withdrawal 
(% vs. prev. qtrs.) — −28.1% −14.1% −41.3% n/a

Panel C: Fund 
Flows and 
Performance

Mean Monthly 
Flow (% TNA) 0.98 −3.84 −1.42 −5.21 −6.19***
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Variable Non-Stress GFC (2008–
2009)

Taper Tantrum 
(2013)

COVID-19 
(2020Q1)

Diff (COVID vs. 
Non-Stress)

Flow Std. 
Deviation (% 
TNA)

4.82 12.41 7.84 14.18 +9.36***

Mean Monthly 
Return (%) 0.41 −1.82 −0.84 −2.41 −2.82***

Panel D: Flow-
Performance 
Concavity

β (FundPerf, 
Perf<0) 0.312 0.612 0.448 0.784 +0.472***

β (FundPerf, 
Perf≥0) 0.084 0.091 0.088 0.094 +0.010

Concavity Gap 
(Perf<0 − 
Perf≥0)

0.228 0.521 0.360 0.690 +0.462***

590 Note. This table presents univariate comparisons of key variables across the three major stress 
591 episodes and the non-stress baseline. GFC covers 2008Q3–2009Q2; Taper Tantrum covers 
592 2013Q2–Q3; COVID-19 covers 2020Q1. Differences are tested using two-sample t-tests. Panel D 
593 reports estimated coefficients on fund performance from piecewise flow-performance regressions 
594 estimated within each sub-period. ***, **, * = 1%, 5%, 10% significance.

595
596 Figure 7. Monthly Net Fund Flows by Portfolio Liquidity Tier (2003–2023). This figure plots 
597 quarterly average monthly net fund flows (as % of lagged TNA) separately for high-liquidity 
598 portfolio funds (solid blue line) and low-liquidity portfolio funds (dashed red line), defined by 

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=7412644

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



599 above- and below-median portfolio-weighted Amihud illiquidity. The three defined stress episodes 
600 are the GFC (2008Q3–2009Q2), Taper Tantrum (2013Q2–Q3), and COVID-19 (2020Q1).

601 10. Conclusion
602 This paper provides a comprehensive empirical investigation of the interplay between market 
603 liquidity, high-frequency trading activity, corporate bond pricing, and mutual fund flow dynamics 
604 in the U.S. corporate bond market over the period 2003 to 2023. Drawing on a rich, hand-matched 
605 dataset from TRACE Enhanced, CRSP, Lipper Amax, Morgen FISD, and NYSE TAQ, we 
606 construct fund-level and bond-level measures of liquidity, HFT intensity, price volatility, and 
607 return reversals to trace the mechanisms through which microstructure conditions shape 
608 institutional investor behavior and bond pricing efficiency.

609 Our central empirical contributions are threefold. First, we document a systematic HFT liquidity 
610 cycle in the U.S. corporate bond market: HFT activity grows secularly over our sample period, 
611 improves price efficiency (as measured by variance ratios) and lowers bid-ask spreads under 
612 normal market conditions, but withdraws sharply during market stress events — precisely when 
613 liquidity is most needed. This pattern is consistent with HFT firms operating as fair-weather 
614 liquidity providers who optimize their market-making activity subject to inventory cost constraints 
615 that tighten during turbulent periods (Kirilenko et al., 2017; Borgward et al., 2014). In the corporate 
616 bond market, where dealer balance sheet constraints already limit traditional liquidity provision, 
617 HFT withdrawal creates a compounding fragility that amplifies price dislocations during stress 
618 episodes.

619 Second, we establish that portfolio-level illiquidity is a first-order amplifier of fund flow-
620 performance concavity. Funds holding more illiquid bond portfolios exhibit sharper asymmetry 
621 between inflow sensitivity to good performance and outflow sensitivity to poor performance, 
622 consistent with strategic redemption complementarities under illiquidity (Goldstein et al., 2017). 
623 This relationship is state-dependent: illiquidity-driven concavity amplification is significantly 
624 stronger in low-interest-rate environments, when alternative income sources are scarce and 
625 investor tolerance for capital losses is lower. Moreover, HFT exposure in fund portfolios partially 
626 attenuates this amplification under normal conditions, but this buffering role reverses during stress 
627 periods when HFT withdraws.

628 Third, we show that portfolio illiquidity and HFT exposure predict subsequent fund-level risk-
629 adjusted returns. Funds holding more illiquid bonds earn higher alphas, consistent with 
630 compensation for liquidity risk. HFT-exposed fund portfolios also earn higher short-run alphas, 
631 consistent with superior transaction execution and faster price discovery. However, during stress 
632 periods, HFT-exposed funds experience larger performance declines, reflecting the reversal of the 
633 liquidity-provision benefit when algorithmic trading withdraws from the market. These findings 
634 have direct implications for fund managers, investors, and regulators monitoring bond market 
635 fragility.
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636 From a policy perspective, our findings highlight the double-edged nature of HFT in OTC 
637 corporate bond markets. While algorithmic trading provides genuine liquidity benefits during calm 
638 periods — improving price discovery, narrowing spreads, and buffering flow-induced fragility — 
639 its tendency to withdraw during market stress creates a procyclical liquidity dynamic that can 
640 amplify price dislocations and fund outflow spirals precisely when stability is most needed. This 
641 suggests that regulatory frameworks focused on fixed-income market stability should consider the 
642 behavior of algorithmic traders across market regimes, rather than evaluating HFT impact solely 
643 under normal conditions. Recent regulatory initiatives, including SEC Regulation Best Execution 
644 and FINRA’s enhanced TRACE reporting requirements, represent steps toward greater 
645 transparency, but our findings suggest that additional attention to the liquidity provision 
646 commitments of algorithmic traders during stress periods may be warranted.

647 Several avenues for future research emerge from this study. First, extending the analysis to the 
648 international corporate bond market — particularly euro-denominated investment-grade bonds 
649 traded on electronic platforms such as Bloomberg Fixed Income and MTS — would shed light on 
650 whether the HFT liquidity cycle documented here is specific to U.S. market microstructure or 
651 reflects a broader global phenomenon. Second, the interaction between HFT activity and the 
652 Securities and Exchange Commission’s 2022 reform of Rule 2a-7 (money market fund reform) 
653 and related liquidity risk management rules for bond funds provides a natural laboratory for 
654 examining how regulatory changes affect the microstructure-fund behavior nexus. Third, the 
655 growing use of exchange-traded funds (ETFs) as vehicles for bond market exposure raises 
656 important questions about how ETF arbitrage activity — itself a form of high-frequency trading 
657 — interacts with underlying corporate bond liquidity and the flow dynamics of traditional mutual 
658 funds. We leave these extensions to future work.
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