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ABSTRACT

We investigate whether bond mutual fund managers exhibit market liquidity timing skills in the U.S. corporate bond market. At
the portfolio level, we find only weak evidence that bond funds adjust their overall market exposure in anticipation of changes
in corporate bond market liquidity. In contrast, when liquidity timing is examined through sector allocation strategies across

investment grade, high-yield, and mortgage-backed securities (MBS) sectors, we find strong evidence of high-yield sector liquidity

timing ability— fund managers overweight high-yield bonds as corporate bond market liquidity improves. Using individual fund

level analysis, we find that top-ranked bond funds demonstrate market liquidity timing skills with respect to both the overall
market and all three sectors. Bootstrap analyses indicate that these liquidity timing skills of bond fund managers are unlikely to
be driven by luck. Moreover, we find evidence of persistence in sector liquidity timing ability over time, especially for high-yield
sector timing. Finally, these sector liquidity timing strategies help predict future fund performance.

JEL Classification: G11, G23

1 | Introduction

There has been an extensive literature on equity mutual fund
performance. By comparison, bond mutual fund managers have
received less attention despite bond funds playing an increasingly
important role in investors’ portfolios. At the year-end of 2024,
the total net assets of US bond funds were around 5.07 trillion
dollars,! which accounted for 18% of the mutual fund total net
assets (Investment Company Institute 2025).

Early studies document that bond funds underperform relevant
benchmarks on average (Blake et al. 1993; Elton et al. 1995; Fer-
son et al. 2006; Huij and Derwall 2008). More recently, Cici and
Gibson (2012) do not find evidence that bond fund managers
possess selectivity skill in choosing corporate bonds. However,
Huang et al. (2025) provide evidence that many bond mutual
fund managers exhibit skills. Taken together, these findings may
suggest that the contribution of active bond fund management is
more likely driven by timing ability rather than security selection.

In this study, we investigate the liquidity timing ability of bond
mutual funds in corporate bond markets. We focus on liquid-
ity timing for several reasons. First, market liquidity is closely
linked to bond mutual fund performance, particularly for funds
holding illiquid assets. Goldstein et al. (2017) find that when mar-
ket liquidity is low, investor outflows impose substantially larger
return costs on bond funds. As investor flows influence fund per-
formance and hence manager compensation, fund managers are
incentivized to adjust asset allocation according to market lig-
uidity conditions. If fund managers can anticipate changes in
market liquidity, they may adjust their portfolio exposures to mar-
ket liquidity to mitigate losses and enhance performance. Sec-
ond, the asset pricing literature has identified market liquidity
as an important state variable for bond pricing. For example, Lin
et al. (2011) find that the liquidity risk factor is priced in corpo-
rate bond returns and show that the average return on bonds with
high sensitivities to aggregate liquidity exceeds that for bonds
with low sensitivities by about 4% annually. Finally, while mar-
ket returns exhibit little persistence and are therefore difficult to
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predict, market liquidity—like market volatility—tends to be
more persistent. As a result, market liquidity may be easier for
fund managers to time than market returns.

Building on the Blake et al. (1993) multifactor model for bond
fund performance evaluation, we develop two liquidity timing
models for bond mutual funds under the framework of Treynor
and Mazuy (1966). The first model focuses on overall market lig-
uidity timing, while the second model focuses on sector-level lig-
uidity timing ability.

Our first liquidity timing model measures funds’ exposure to the
overall bond market, similar to the model developed by Cao,
Simin, and Wang (2013) for equity mutual funds. Using a sample
of US bond mutual funds that have substantial corporate bond
holdings, including corporate, high-yield, and diversified bond
funds, we construct equally-weighted portfolios of funds based on
fund characteristics and apply our model to examine the liquid-
ity timing skills of these fund portfolios. When all bond funds are
included in the portfolio construction, the results show little evi-
dence of liquidity timing for the overall corporate bond market,
which is consistent with the findings of Chen et al. (2010).

This finding contrasts with prior research on equity funds
(Cao, Simin, and Wang 2013), which provides evidence of the
broad market liquidity timing ability of all groups of equity
fund managers. Compared to the centralized stock market,
bond markets are decentralized and operate through segmented
over-the-counter (OTC) trading. When anticipating corporate
bond market liquidity fluctuations, bond funds may not simply
adjust their exposure to the broad bond market. Instead, they
may adjust their exposure to specific bond sectors, and mod-
els that account only for the overall bond market may fail to
capture sector liquidity timing skills. Therefore, we develop a
new multi-sector liquidity timing model to identify bond mutual
funds’ sector liquidity timing ability, which is conceptually simi-
lar to the style liquidity timing ability observed in equity mutual
funds (Bazgour et al. 2017).

This sector liquidity timing model further explores fund man-
agers’ liquidity timing skills for bond sectors, that is, the invest-
ment grade, high-yield, and mortgage-backed securities (MBS)
markets. These sector liquidity timing strategies turn out to be
important but have not been explicitly examined in previous stud-
ies, such as Chen et al. (2010) and Li et al. (2017). We model
fund exposures to bond sectors as a linear function of corporate
bond market liquidity conditions, which allows us to assess a
fund’s exposure to each individual bond sector. Notably, we find
that the full sample of bond funds exhibits high-yield sector lig-
uidity timing ability. When the liquidity in the corporate bond
market increases, bond fund managers tilt their portfolio weights
towards high-yield bonds, and vice versa.

To assess heterogeneity in liquidity timing skills across funds, we
further evaluate the sector liquidity timing ability of mutual fund
managers at the individual fund level, and we find evidence of
high-yield, investment grade, and MBS sector timing for a range
of funds, even after controlling for false discoveries. Our boot-
strap analysis suggests these sector liquidity timing skills are due
to managerial skills rather than purely sampling variation, that
is, luck. Overall, our findings demonstrate that liquidity timing

models that focus only on overall market exposure may lead to
misidentification of liquidity timing, especially for bond mutual
funds.

Given that bond funds’ sector exposures may vary for other rea-
sons, we conduct a wide range of additional tests to gain deeper
insights into sector liquidity timing among bond funds. First,
considering that large funds’ sales of assets can simultaneously
affect market liquidity, we perform subsample analyses for small
funds whose trades are less likely to impact overall market lig-
uidity, thereby mitigating concerns about simultaneity bias. We
further use liquidity innovations to control for contemporane-
ous fund trading and investor common flows. Second, because
OTC bond markets are less liquid, especially in the high-yield
segment, bond funds may face constraints related to dealers’
intermediation capacity, which can limit their ability to adjust
sector exposures. To address this concern, we further examine
sector liquidity timing, controlling for intermediation capacity
constraints. Finally, we conduct additional tests using alterna-
tive timing model specifications, extra risk factors, and different
liquidity measures. Overall, our findings are robust across these
analyses.

The study also contributes to a better understanding of the eco-
nomic value of liquidity timing strategies and active management
in bond funds. We provide evidence that fund managers persis-
tently time the corporate bond market liquidity, and this persis-
tence generates abnormal returns (alpha) to some extent. Using
the standard portfolio-sort approach, we construct decile port-
folios based on the liquidity timing coefficients and hold these
portfolios for 6, 12, 24, and 36 months. After each holding period,
we calculate their returns and rebalance these portfolios, and the
time-series returns are regressed on the corresponding liquidity
timing models. Consistent with our portfolio-level results show-
ing little evidence of market-wide liquidity timing, we find no
evidence of skill persistence for the overall market factor. How-
ever, we do find evidence of persistence in liquidity timing skills
for investment grade, high-yield, and MBS factors. The evidence
is particularly strong for high-yield sector liquidity timing skills,
regardless of the holding period. We then evaluate these portfo-
lio returns using the performance model of Blake et al. (1993)
to assess the out-of-sample performance. The results provide
some evidence of positive out-of-sample alpha for the high-yield,
investment grade, and MBS sectors. Additionally, we find some
significant alphas in the spread portfolio, which is the difference
between the top and bottom decile portfolios. For example, the
spread portfolio sorted by investment grade sector liquidity tim-
ing coefficients generates a statistically significant alpha of 1.92%
per annum when the holding period is 6 months. Overall, when
combining results on persistence in liquidity timing skills and
alpha generation, we find that bond fund managers enhance fund
returns by tilting portfolio weights towards specific bond cate-
gories in anticipation of corporate bond market liquidity changes.
However, the contribution of liquidity timing strategies to bond
fund returns remains weaker than that of equity funds.

Our study differs from previous research by not relying on a sin-
gle liquidity proxy. Instead, we employ multiple liquidity mea-
sures to ensure that our findings are not driven by any specific
proxy choice. For example, Li et al. (2017) use the corporate
bond spread, defined as the difference between the par yields on
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a fixed-rate corporate bond and a corresponding fixed-rate gov-
ernment bond with matching maturities, as a measure of over-
all bond market liquidity, while Chen et al. (2010) define the
fixed-income market liquidity as the yield difference between
3-month nonfinancial corporate commercial paper rates and the
3-month Treasury yield. In our study, we select a set of liquidity
measures that have been originally developed and tested in stock
markets and have been shown to effectively capture variations
in bond liquidity. These liquidity measures are selected following
Schestag et al. (2016), who provide a comprehensive benchmark-
ing study of the liquidity measures in corporate bond markets. To
the best of our knowledge, this is the first market liquidity tim-
ing paper that uses high-frequency intraday data from the Trade
Reporting and Compliance Engine (TRACE) database to capture
time-series market-wide liquidity changes in the corporate bond
market. Our observation period spans from July 2002 to Septem-
ber 2021, making this one of the most extensive liquidity timing
studies to date. We are unaware of any other liquidity timing
study that employs TRACE data on such a large scale. Therefore,
a key contribution of our paper is the investigation of the liquid-
ity timing ability of bond funds in the US corporate bond market
using the most comprehensive liquidity data source.

The rest of the paper is organized as follows: Section 2 reviews
related literature, then Section 3 describes the fund data, liquid-
ity proxies, and how to construct market-wide liquidity. Sections 4
and 5 report the liquidity timing results at the portfolio and indi-
vidual levels, respectively. Section 6 reports the results of the per-
sistence and performance tests. In Section 7, we provide several
further robustness tests, and Section 8 concludes.

2 | Literature Review

Timing ability reflects a fund manager’s use of superior informa-
tion about future market movements and is conceptually distinct
from security selection skill. Timing is closely related to asset allo-
cation, as it involves adjusting portfolio exposures across asset
classes or risk factors in response to expected market conditions,
whereas selectivity refers to the ability to identify and choose
superior securities within a given asset class. Since the seminal
work of Treynor and Mazuy (1966), the market timing ability of
investment fund managers has been extensively studied.

Existing studies primarily focus on equity fund managers’ abil-
ity to time market returns (Treynor and Mazuy 1966; Henriksson
and Merton 1981; Jagannathan and Korajczyk 1986; Jiang 2003)
and their ability to time market return volatility (Busse 1999;
Fleming et al. 2001). Related work also examines timing with
respect to factor or style returns (Chen et al. 2013; Swinkels
and Tjong-A-Tjoe 2007) and systematic return coskewness (Wat-
tanatorn and Padungsaksawasdi 2020). The evidence is mixed in
terms of return timing. Earlier studies using annual or monthly
data often document a pattern of perverse market return timing
ability. Studies that find no or negative timing abilities include
Treynor and Mazuy (1966), Chang and Lewellen (1984), Hen-
riksson and Merton (1981), Graham and Harvey (1996), Ferson
and Schadt (1996), Becker et al. (1999), Jiang (2003), and Elton
et al. (2012). In contrast, Bollen and Busse (2001) and Mamaysky
et al. (2008) find significant evidence of market timing ability
using daily data, and Jiang et al. (2007) report similar results

based on a holding-based approach. In addition, Busse (1999)
and Fleming et al. (2001) provide evidence on volatility timing
abilities.

Studies of bond fund returns have documented a similar pattern
of perverse market timing ability in earlier studies across dif-
ferent groups of bond funds. For example, Boney et al. (2009)
examine timing ability in a sample of high-quality corporate
bond funds using the quadratic programming technique pio-
neered by Sharpe (1992) and find negative market timing ability
on average. Recent studies, however, find supportive evidence
of the market timing ability of bond mutual funds by apply-
ing the holding-based measure of Jiang et al. (2007). Huang
and Wang (2014) examine the market timing ability of a sam-
ple of government bond funds using their Treasury securities
holdings. They show some positive timing ability, but only at a
1-month forecasting horizon. By incorporating a larger sample of
different kinds of bond mutual funds, Moneta (2015) finds neu-
tral evidence of timing ability on average, and the subgroup of
multi-sector funds showed positive timing ability. It is comfort-
ing to see that there is evidence of positive timing ability that uses
portfolio-holding information.

Aside from market return timing, other perspectives have also
been developed recently on bond fund managers’ market tim-
ing abilities. Cici and Gibson (2012) study the characteristic
timing ability of corporate bond funds, using a decomposition
methodology that Wermers (2000) applied to equity funds. Specif-
ically, they report that high-yield bond funds are able to time
bond characteristics (duration and credit ratings), but investment
grade bond funds are not able to time these characteristics. Chen
et al. (2010) evaluate the ability of bond funds to time nine com-
mon factors related to bond markets. They extend the Treynor
and Mazuy (1966) specification of market timing by controlling
for potential non-timing-related sources of nonlinearity, includ-
ing passive timing, interim trading, stale pricing, and public infor-
mation. They report overall neutral to weakly positive timing
among bond funds.

More recently, researchers have turned their attention to investi-
gating whether fund managers are able to time aggregate mar-
ket liquidity. Cao, Chen, et al. (2013) and Cao, Simin, and
Wang (2013) investigate the market liquidity timing ability (here-
after simply referred to as liquidity timing) of equity-focused
mutual funds and hedge funds from the new perspective of mar-
ket liquidity. Managers of these funds may adjust their exposure
to systematic risk based on the forecast of liquidity level. Using
this liquidity timing strategy, funds increase their exposure to the
market during times of high liquidity while reducing it during
times of low liquidity. Their findings support the idea that fund
managers are capable of predicting liquidity levels and reduc-
ing their market exposure when aggregate liquidity is expected
to be low. Bodson et al. (2013) and Foran and O’Sullivan (2017)
further confirm the liquidity timing ability using the US and
UK equity fund samples, respectively. Furthermore, using a non-
parametric method, Yin et al. (2024) suggest that large funds
tend to be more successful at timing market liquidity in these
two markets. Using mutual fund data from an emerging mar-
ket (Thailand), Wattanatorn et al. (2020) show that fund man-
agers can time market-wide liquidity within a higher-moment
framework.
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There is mixed evidence of liquidity timing ability in the
fixed-income market. Li et al. (2017) study the market liquid-
ity timing ability of debt-oriented hedge funds and find evi-
dence of liquidity timing ability for the fixed-income market
for all debt-oriented hedge fund categories. In contrast, Chen
et al. (2010) examine the market-wide liquidity timing for
bond mutual funds using market timing models controlling for
non-timing related linearities, and find only neutral to weak pos-
itive liquidity timing.

3 | Dataand Liquidity Proxies

3.1 | Bond Fund Data

We obtain our data on US bond mutual funds from Morn-
ingstar. Our sample includes only taxable mutual funds, exclud-
ing municipal and money market funds. Additionally, index
funds are excluded from our sample because they replicate
benchmark index performance and are unlikely to exhibit any
timing ability by design. In order to increase the size of our sam-
ple, we include both domestic and overseas bond funds that invest
in the US fixed-income market. For both types of funds, we retain
only share classes with a USD base currency.? For these share
classes, net asset values and returns are calculated and reported
directly in USD. Because both US-domiciled onshore and non-US
offshore funds in our sample primarily hold USD-denominated
corporate bonds and all returns are expressed in USD, differ-
ences arising from currency conversion or currency hedging are
unlikely to materially affect our results.

We select funds with substantial holdings of corporate bonds
and regroup these funds into three categories: corporate bond
funds, high-yield bond funds, and diversified bond funds. Cor-
porate bond funds focus on investment grade corporate bonds
in US dollars, while high-yield bond portfolios concentrate on
lower-quality bonds. Diversified bond funds invest primarily in
various kinds of investment grade US fixed-income issues, includ-
ing government, corporate, and securitized debt. Although cor-
porate and diversified bond funds mainly invest in investment
grade bond securities, they may still hold a limited portion
of lower-rated or high-yield bonds; conversely, high-yield bond
funds may include a small allocation to higher-quality bonds for
diversification or risk management purposes. Detailed bond fund
categories can be found in the Appendix S1.

TABLE1 | Summary statistics of bond funds.

In order to be consistent with the start date of the TRACE
database, our fund sample starts in July 2002 and ends in Septem-
ber 2021. We only include bond funds with at least 36 monthly
observations. The final sample includes 851 unique bond funds,
among which there are 64 corporate bond funds, 158 high-yield
funds, and 629 diversified funds. We also distinguish survivors
from non-survivors. As of September 2021, 536 funds are still
alive, with the remaining 315 being defunct. Fund returns are
measured as total monthly returns net of management fees.

Table 1 reports summary statistics of fund characteristics for our
bond mutual fund sample. Fund age is defined as the number of
years between the last return date and the inception date when
the fund is first offered. Fund size is the total net assets (TNA,
in millions of dollars) of a mutual fund. The normalized monthly
flow (in percentage) is defined as flow, = %{W, where
TNA, is the TNAs at the end of month ¢ and R, is the return in
month t. Fund size, turnover ratio (%), net expense ratio (%), and
monthly fund flows (%) are first averaged over time for each fund
and then averaged across funds within each fund category.

On average, bond mutual funds have an age of 17.7 years, total
net assets of 2101 million, an annual net expense ratio of 0.66%,
an annual turnover ratio of 125%, and monthly flows of 1.40%.
Among fund categories, high-yield funds, on average, have the
highest net expense ratios, while diversified funds have the high-
est turnover ratios.

We construct equally weighted portfolios of corporate, high-yield,
diversified, non-survivor, survivor, and all bond funds and then
compute the monthly time-series returns for these portfolios.
From the summary statistics in Table 1, high-yield funds have the
highest returns and volatility among the three bond categories.
Compared with defunct funds, surviving funds, on average, have
higher returns and volatility.

3.2 | Liquidity Proxies

Our liquidity measures are calculated using data from two pri-
mary sources, TRACE Standard and TRACE Enhanced from
the Financial Industry Regulatory Authority (FINRA).? In July
2002, TRACE was introduced to improve transparency in the

Fund size Turnover Net expense Flow Age Return Std Dev

Fund categories Nobs ($million) (%/year) (%/year) (%) (years) (%) (%)

Corporate 64 898.39 89.47 0.62 1.42 13.87 0.405 1.423
High-Yield 158 1144.03 89.45 0.86 0.81 18.17 0.589 2.285
Diversified 629 2668 141.27 0.59 1.61 18.31 0.272 0.744
Non-survivor 315 336.74 113.12 0.42 3.84 2.21 0.269 0.913
Survivor 536 2356.14 126.22 0.67 1.05 20.07 0.377 1.032
All fund 851 2101.04 125.35 0.66 1.40 17.73 0.341 0.963

Note: This table reports summary statistics of mutual fund characteristics. Fund age is defined as the number of years between the fund’s inception date and the last return
observation date. Fund size is measured by total net assets (TNA). Fund size (in millions of dollars), turnover ratio (%), net expense ratio (%), and monthly fund flows (%)
are first averaged over time for each fund and then averaged across funds within each fund category. For each category—corporate, high-yield, diversified, non-survivor,
survivor, and all bond funds—we form equally weighted portfolios and compute monthly time-series returns. The final two columns report the time-series mean (%) and

standard deviation (%) of monthly portfolio returns.
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over-the-counter corporate bond market containing transaction
information such as price, time, and size. In addition to the
TRACE Standard, the TRACE Enhanced offers uncapped volume
data and buy-sell side information for all trades in the US corpo-
rate bond market. TRACE currently covers the vast majority of
corporate bond trades in the US fixed-income market. The only
trades omitted are those executed on exchanges, most through the
NYSE’s Automated Bond System.

Our sample includes corporate bond transaction records from
July 2002 to September 2021. We exclude trading in government
agency bonds, securitized products including asset-backed secu-
rities and mortgage-backed securities, and corporate bonds or
securitized products falling under Rule 144a of the Securities Act
of 1933. It is important to note that raw data from an intraday
database requires careful cleaning prior to analysis. Following the
cleaning procedure described in Dick-Nielsen (2009, 2014), we
delete duplicates, reversals, and same-day corrections of trades.
In addition, we remove agency transactions, where an introduc-
ing broker buys bonds from an executing broker and passes them
to a customer.* To measure bond liquidity, we employ four liquid-
ity measures, including buy-sell spread, high-low spread (Corwin
and Schultz 2012), interquartile range, and the Amihud (2002)
price impact. We obtain the daily yield, trading volume, and
prices (including daily high, low, buy, sell, close, average, 25th
percentile, and 75th percentile) from intraday data. Details of lig-
uidity proxies are described in the Appendix S1.

We first calculate daily liquidity using these liquidity proxies.
The monthly liquidity proxy is calculated as the time-series aver-
age of daily liquidity within each month.> In order to reduce
outliers and possible data errors, we require bonds to have at
least ten daily observations in a given month when calculating

TABLE2 | Summary of liquidity measures.

the monthly liquidity measures. In each month, for each lig-
uidity measure, we compute the market-wide liquidity as the
cross-sectional average of the measure across individual bonds.

We then use the principal component analysis (PCA) method
to extract latent market liquidity factors across these four mar-
ket liquidity measures. Each liquidity measure is standardized to
avoid our latent market factor being driven by a particular lig-
uidity measure. We extract the first three principal components
across liquidity measures and use the first principal component
to represent latent market-wide liquidity. Table 2 shows the factor
loadings for the first three principal components and summary
statistics of our market liquidity measures. The latent liquidity
factor (PC1) explains 89.4% of the variation in four market lig-
uidity measures.

Figure 1 plots the time series of corporate bond market illig-
uidity using various liquidity measures. As shown in Figure 1,
market illiquidity increased significantly during the 2008 global
financial crisis and the COVID-19 pandemic in the US. All these
liquidity measures are proxies for market illiquidity, so we mul-
tiply them by —1 to represent market liquidity in the following
analysis.

Figure 2 plots the time series of innovations in market liquidity
(the latent factor) estimated from an AR(2) process, which repre-
sents the unpredictable component of market liquidity. The series
remains close to zero under normal market conditions, indicat-
ing that large unexpected liquidity shocks are rare. However,
it exhibits pronounced negative spikes during major systemic
crises, most notably in September-October 2008 and March
2020, reflecting sudden and severe liquidity disruptions during
these periods.

Panel A: Principal component analysis

Liquidity PC1 PC2 PC3
Buy-sell spread 15.25 —-1.56 2.62
High-low spread 15.22 -2.92 —-0.50
Interquartile range 15.17 -2.75 —-1.86
Amihud impact 13.09 8.41 —-0.30
Eigenvalue 3.58 0.37 0.04
% variance explained 89.4% 9.2% 1.1%
Panel B: Summary of liquidity measure

Liquidity Nobs Mean Std Dev Min 25th 50th 75th Max
Buy-sell spread 231 0.011 0.005 0.003 0.007 0.011 0.014 0.033
High-low spread 231 0.006 0.004 0.002 0.004 0.006 0.008 0.023
Interquartile range 231 0.007 0.004 0.002 0.004 0.006 0.009 0.029
Amihud impact 231 391.2 149.5 181.7 286.5 344.9 463.5 953.6
Latent liquidity 231 2.38E-17 0.064 —0.090 —0.048 -0.011 0.029 0.290

Note: This table provides the results of principal component analysis (PCA) and summary statistics of our liquidity measures. Panel A reports the PCA loadings for the first
three principal components (PC1- PC3) constructed from four liquidity measures, including the buy-sell spread, high-low spread, interquartile range, and Amihud (2002)
price impact. Principal components are computed from standardized variables. Panel B provides the summary statistics of liquidity measures, including buy-sell spread,
high-low spread, interquartile range, Amihud (2002) price impact, and the latent market liquidity factor (PC1) from the PCA.
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4 | Empirical Analysis where r,, is the excess return of fund p in month ¢, MKT is a proxy
for the excess return of the overall bond market, HY is a proxy
4.1 | Liquidity Timing in the Overall Bond for the return from holding low-grade bonds, and MBS is a proxy
Market for the return of mortgage-backed securities that have option-like

characteristics (prepayment risk). We use the 1-month Treasury

We begin our analysis by considering the Blake et al. (1993) model bill rate from the Ken French library as our proxy for the risk-free
to explain the time series of bond fund returns: rate. MKT, is calculated as the excess return on the Bloomberg US
Universal Index in month ¢. The Bloomberg US Universal Index

Fpr =&y + B, MKT, + B0 JHY, + Bps MBS, +¢,, (1) covers taxable bonds denominated in US dollars. HY, and MBS,
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are the excess returns of the Bloomberg US Corporate High Yield
Index and the Bloomberg US MBS Index, respectively.

To account for liquidity timing, we follow the liquidity timing lit-
erature (Cao, Chen, et al. 2013; Cao, Simin, and Wang 2013) to
create a time-varying market beta.® Specifically, the market beta
is expressed as a linear function of market liquidity in excess of
its time series average.

P = ﬂr?a,p + gm,p(Lm,t - Zm) @)

where L, is the market liquidity measure for month ¢, and L,
is the time series mean of market liquidity measure. We use the
average liquidity estimate over the previous 36 months as a proxy
for the mean liquidity. This specification is also consistent with
models of market return timing (Treynor and Mazuy 1966) and
market volatility timing (Busse 1999), which specify time-varying
market beta as a linear function of market returns or market
volatility.

Substituting Equations (2) into (1) generates our three-factor lig-
uidity timing model:

Fpi = @, + 2 MKT, + em,p<Lmy, - Zm>MKTt

+ Py, HY, + Props ,MBS, + €, 3)

The coefficient ,, , measures the liquidity timing ability of bond
fund managers. A significant and positive 6,, , indicates that
mutual fund managers correctly anticipate high (low) corporate

bond market liquidity and increase (decrease) market exposure

TABLE 3 | Liquidity timing in the aggregate market.

accordingly. Conversely, if 6, , is significant and negative, bond
fund managers perversely increase (decrease) market exposure
when market liquidity is expected to be low (high).

We study the liquidity timing ability of bond mutual funds using
portfolios of bond funds. In addition to an equally weighted port-
folio of all funds, we analyse portfolios grouped by investment
style, as well as portfolios of surviving and non-surviving funds.
Our aim is to examine whether liquidity timing skill depends on
the fund’s investment style or its survival status.

We estimate the market liquidity timing model of Equation (3)
using equally weighted portfolios for each investment style, as
well as for surviving and non-surviving funds, in addition to all
bond funds. These results are reported in Table 3. The Newey and
West (1987) t-statistics with 2 lags are reported in parentheses.”
At the aggregate level, there is little evidence that bond mutual
funds positively time the bond market liquidity. For the portfolio
of all bond funds, the liquidity timing coefficient is positive but
not significant. We also find positive (though insignificant) lig-
uidity timing ability for other subgroups of bond funds. In addi-
tion, both surviving and non-surviving funds exhibit positive (but
their t-statistics are all insignificant) liquidity timing coefficients,
suggesting the disappearance of non-surviving funds may be due
to other factors rather than liquidity timing. For subgroups with
different investment objectives, the model displays positive and
significant liquidity timing for the portfolio of diversified bond
funds. However, the evidence is weak when we control for alter-
native liquidity timing models (see Section 7.3). Overall, we find
weak evidence of positive aggregate market liquidity timing in
corporate bond markets.

a, O p MKT HY MBS R?

Corporate —0.05* 0.06 1.68%** 0.11%** —0.75%** 0.94
(-1.75) (0.07) (14.30) (4.68) (—4.66)

High-yield —0.04* 0.56 -0.01 0.88*** -0.01 0.98
(-1.72) (0.59) (-0.07) (27.50) (-0.05)

Diversified —0.04%** 0.39%* 0.78%** 0.05%** —0.16%** 0.95
(—3.41) (2.48) (19.40) (7.64) (—3.28)

Non-survivor —0.07** 0.61 0.97%** 0.12%%* —0.42%* 0.85
(-2.36) (1.16) (5.94) (5.60) (-2.19)

Survivor —0.02* 0.47 0.67*** 0.26%*** —0.17** 0.98
(-1.68) 1.57) (11.70) (25.20) (-2.35)

All fund —0.03** 0.56 0.74%** 0.21%** —0.24** 0.96
(-1.98) (1.61) (9.75) (15.50) (—2.47)

Note: This table reports the regression results of the liquidity timing model:

Fpa = @+ B MET, + 0, (L, =T, MK, + By HY, + s MBS, + &,

mp

where r,, is the excess return of fund p in month ¢. MKT, is the excess return on the Bloomberg US Universal Index in month ¢. HY, and MBS, are the excess returns of the
Bloomberg US Corporate High-Yield Index and the Bloomberg US MBS Index, respectively. We use the 1-month Treasury bill rate as our proxy for the risk-free rate. L,,, is

the market liquidity measure for month ¢, and Zm is the time series mean of market liquidity measures. We multiply market illiquidity by —1 to represent market liquidity.
We use the average liquidity estimate over the previous 36 months as a proxy for the means of liquidity measures. The coefficient §,, , measures the liquidity timing ability
of bond fund managers. We report results for equal-weighted portfolios of corporate, high-yield, diversified, non-surviving, surviving, and all bond funds for the period of

July 2002-September 2021. The Newey-West t-statistics with 2 lags are reported in parentheses. ***, **, * indicate statistical significance (two-tailed test) at the 1%, 5%, and

10% levels, respectively.
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4.2 | Liquidity Timing in Bond Sectors

4.2.1 | Multi-Sector Liquidity Timing Model

Cao, Chen, et al. (2013) and Cao, Simin, and Wang (2013)
develop the liquidity timing model based on the notion that
fund managers are capable of forecasting future market liquid-
ity and weighting market exposure accordingly. The model in
Equation (3) does not consider other liquidity timing opportuni-
ties in the various bond sectors. Compared with the centralized
stock market, the bond markets are decentralized and segmented
over-the-counter (OTC) markets. When anticipating corporate
bond market liquidity fluctuations, bond funds may adjust their
exposure to a specific bond sector. Models accounting for only
the overall bond market risk factor are unlikely to identify sector
liquidity timing skills. Therefore, ignoring sector liquidity timing
strategies may result in misleading conclusions.

In order to examine liquidity timing opportunities across bond
sectors, we relax the assumption of exposure to the overall bond
market risk factors and extend the liquidity timing model to a
multi-sector liquidity timing framework. We consider the variant
of the Blake et al. (1993) model to explain the time series of bond
fund returns in three bond sectors, including investment grade,
high-yield, and MBS markets:

rpy =0, +p,1G, + b, , HY, + p; MBS, +¢,, @

where IG is the excess return on the Bloomberg US Aggre-
gate Index in month ¢ This index tracks the performance
of investment grade, US dollar-denominated, fixed-rate taxable
bond market. HY, and MBS, are the excess returns of the
Bloomberg US Corporate High-Yield Index and the Bloomberg
US MBS Index, respectively. To account for liquidity timing
opportunities across bond sectors, we follow the timing liter-
ature and allow the betas to be time-varying. That is, f; , =

ﬁig,p + 91g,p<Lm,t - Zm)’ﬂZ,p = ﬁhy,p + 0hy,p<Lm,t - Zm>7 and ﬁS,p =

Brbs,p + Ombs, p<Lm’, -L, ) This assumption is motivated by Cao,

Chen, et al. (2013) and Cao, Simin, and Wang (2013).

Considering liquidity timing opportunities in different bond sec-
tors yields our multi-sector liquidity timing model:

oo = 0+ Oy (L = T )16, + 4y, ( Ly = L, ) HY,

+ Ousp( Lns = L )MBS, + i, IG,

+ ﬂhy,pHYt + ﬂmbs,pMBSr + gp,t (5)

The coefficients 0, ,, 0y, , and 0,,,,, measure liquidity timing
ability with respect to IG, HY, and MBS factors, respectively.
A positive (negative) timing coefficient indicates that the fund
increases (decreases) its exposure to the factor as corporate bond
market liquidity increases. We expect that bond fund managers
have positive 8,, ,, 0),, , and negative 0, ,. That is, bond fund
managers increase (decrease) their exposure to the investment
grade and high-yield bonds (MBS sector) when overall corporate

bond market liquidity increases.

As shown in Table 4, for the portfolio of all bond funds, the lig-
uidity timing coefficients for the investment grade and MBS sec-
tors are both insignificant, while the liquidity timing coefficient
for the high-yield bond sector is statistically significant at the 5%
level. That is, bond funds tend to increase their exposure to the
high-yield bond sector as the overall corporate bond market lig-
uidity increases. The high-yield timing coefficient of 0.28 implies
that when aggregate market liquidity is one standard deviation
(0.064 from Panel B of Table 2) above its mean, ceteris paribus,
the average mutual fund portfolio’s high-yield beta increases by
approximately 0.018 (0.28 x 0.064). This represents about 6% of
the baseline high-yield beta of 0.28 when aggregate liquidity is at
its average level. In addition, the liquidity timing coefficients for
the high-yield factor, 6, ,, are significant for both surviving and
non-surviving funds.

Among the subgroups of bond mutual funds, corporate bond
funds show significant high-yield timing coefficients at the port-
folio level. The high-yield timing coefficient is 0.53, with a
t-statistic of 2.71. This result suggests that corporate bond funds
become risk-seeking by holding more high-yield bonds when the
overall corporate bond market liquidity increases and vice versa.
Interestingly, the sector timing coefficient for high-yield bond
funds is insignificant, suggesting that these funds may not adopt
sector liquidity timing strategies at the portfolio level.

4.2.2 | Multi-Sector Liquidity Timing Using
Sector-Specific Liquidity

In Section 4.2.1, we show that bond mutual funds exhibit
high-yield liquidity timing ability in response to changes in
aggregate corporate bond market liquidity. That is, bond funds
adjust their exposures based on anticipated liquidity conditions
in the overall corporate bond market. In practice, however,
fund managers may rely on sector-specific liquidity conditions
rather than aggregate market liquidity as their timing signal.
Therefore, we replace aggregate corporate bond market liquid-
ity with sector-specific liquidity measures for investment-grade,
high-yield, and MBS markets in Equation (5). We calculate
sector-level liquidity measures for the investment-grade and
high-yield markets using the same methodology applied to aggre-
gate corporate bond market liquidity, as described in Section 3.2.
TRACE reports MBS trading data only from 2014 onward, result-
ing in a sample period shorter than our full analysis window.
Therefore, we use the Roll (1984) spread of the Bloomberg MBS
Index as a proxy for MBS sector liquidity.

In Table 5, we report the sector liquidity timing results using
sector-specific liquidity measures. Compared to the baseline
results based on aggregate liquidity in Table 4, we find weaker but
still statistically significant evidence of high-yield sector liquidity
timing for the portfolio of all funds. For corporate bond funds,
the estimated high-yield liquidity timing coefficient is smaller
in magnitude (0.44 vs. 0.53) than in the baseline specification,
implying smaller beta adjustments relative to those based on
aggregate market liquidity. In detail, for corporate bond funds, the
high-yield beta increases by 0.027 (0.44 x 0.061) when high-yield
sector liquidity is one standard deviation above its mean. By com-
parison, the high-yield beta increases by 0.034 (0.53 x 0.064, see
Table 4) when aggregate corporate bond market liquidity is one
standard deviation above its mean.
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TABLE4 | Liquidity timing in bond sectors.

a, Oigp Ohyp Ormibs,p IG HY MBS R?

Corporate —0.09** -1.07 0.53%%* 0.29 1.571%%* 0.29%** —0.72%%* 0.92
(-2.51) (—0.46) (2.71) (0.12) (15.70) (11.00) (=5.79)

High-Yield —0.07*** 1.27 0.31 -1.57 —0.05 0.91%** 0.01 0.98
(—3.64) (0.62) (0.99) (-0.73) (-0.79) (41.50) (0.16)

Diversified —0.04** —0.34 0.01 1.08 0.68*** 0.11%** —0.11** 0.94
(—2.54) (-0.47) (0.25) (1.56) (18.00) (10.90) (-2.17)

Non-survivor —0.09%** -0.93 0.40%%* 1.44 0.73%%* 0.22%** —0.29** 0.82
(~2.63) (-0.57) (2.62) (0.82) (7.12) (7.05) (-2.14)

Survivor —0.03** 0.00 0.18** 0.33 0.58%%* 0.32%%* —0.13** 0.97
(-1.97) (~0.00) (2.39) (0.34) (13.40) (23.20) (=2.25)

All fund —0.05%* -0.31 0.28%** 0.69 0.63*** 0.28%** —0.18** 0.94
(-2.38) (-0.27) (2.60) (0.60) (11.60) (16.10) (—2.45)

Note: This table reports the regression results of the multi-sector liquidity timing model:

Fpa = 4 0 (L = L) TG, + 0y (L = T Y, + O ( Ly = L MBS, + B TG, + By HY, + f MBS, +,,

where r,, is the excess return of fund p in month 1. IG, is the excess return on the Bloomberg US Aggregate Index in month ¢. HY, and MBS, are the excess returns of the
Bloomberg US Corporate High-Yield Index and the Bloomberg US MBS Index, respectively. We use the 1-month Treasury bill rate as our proxy for the risk-free rate. L, , is
the market liquidity measure for month ¢, and Zm is the time series mean of market liquidity measures. We multiply market illiquidity by —1 to represent market liquidity.
We use the average liquidity estimate over the previous 36 months as a proxy for the means of liquidity measures. The coefficients 0, ,, 6}, , and 6,,,,; , measure liquidity
timing abilities with respect to IG, HY, and MBS factors, respectively. We report results for equal-weighted portfolios of corporate, high-yield, diversified, non-surviving,
surviving, and all bond funds for the period of July 2002-September 2021. The Newey-West t-statistics with 2 lags are reported in parentheses. ***, ** and * indicate
statistical significance (two-tailed test) at the 1%, 5%, and 10% levels, respectively.

TABLE 5 | Liquidity timing in bond sectors using sector-specific liquidity.

%p Oigp Ony,p Oumbs,p IG HY MBS R?

Corporate —0.08*** —-1.03 0.44%** —0.02 1.44%%* 0.26%** —0.62%** 0.94
(—2.58) (-1.21) (2.94) (—0.73) (13.62) (16.53) (—4.60)

High-Yield —0.06*** -0.12 0.36 —0.00 -0.14 0.90%** 0.14 0.98
(—2.81) (—0.15) (1.44) (—0.01) (—1.43) (39.84) (1.14)

Diversified —0.04%*** 0.52%* —-0.04 0.01 0.65%** 0.10%** —-0.07 0.95
(—2.81) (2.43) (-1.02) (0.29) (16.01) (11.86) (—1.50)

Non-survivor —0.07%** 0.25 0.16* 0.02 0.65%** 0.16%** -0.13 0.90
(—3.43) (0.74) (1.79) (0.87) (9.00) (11.43) (-1.52)

Survivor —0.02* 0.27 0.11%* —-0.01 0.53%** 0.30%** —0.06 0.98
(-1.67) (0.88) (1.65) (—0.45) (11.76) (29.63) (-1.07)

All fund —0.04** 0.27 0.16** —0.00 0.57%%* 0.25%** —-0.08 0.96
(—2.39) (0.88) (2.14) (—0.05) (11.71) (22.11) (-1.51)

Note: This table reports the regression results of the multi-sector liquidity timing model:

Tpr =@, + 9ig.p<Lig,r - Lig>IGr + 0hy.p<Lhy,r - Lhy>HYr + gmbs,p (Lmbs,x - Lmbs>MBSz + ﬁig,plGr + ﬂhy,pHYr + ﬂmbs.pMBSt + Ept

where r,,, is the excess return of fund p in month 7. IG, is the excess return on the Bloomberg US Aggregate Index in month ¢. HY, and MBS, are the excess returns of the
Bloomberg US Corporate High-Yield Index and the Bloomberg US MBS Index, respectively. We use the 1-month Treasury bill rate as our proxy for the risk-free rate. L;,,,
Ly, and L, are the sector liquidity measures for the IG, HY, and MBS sectors in month t, respectively, and Zig, Zhy and L, are the corresponding time series means of
these sector liquidity measures. We multiply sector illiquidity by —1 to represent market liquidity. We use the average liquidity estimate over the previous 36 months as a
proxy for the means of liquidity measures. We multiply market illiquidity by —1 to represent market liquidity. The coefficients 0, ,, 6, , and 6,,,,; , measure liquidity timing
abilities with respect to IG, HY, and MBS factors, respectively. We report results for equal-weighted portfolios of corporate, high-yield, diversified, non-surviving, surviving,
and all bond funds for the period of July 2002-September 2021. The Newey-West t-statistics with 2 lags are reported in parentheses. ***, ** and * indicate statistical
significance (two-tailed test) at the 1%, 5%, and 10% levels, respectively.
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4.2.3 |
Concerns

Liquidity Timing: Addressing Simultaneity

We then consider the possibility that our results are driven by the
impact of large funds’ trading on market liquidity. To address this
concern, we examine liquidity-timing ability using several sub-
samples of small funds, because these funds’ trades are unlikely
to have a material effect on market liquidity. We construct two
subsamples consisting of funds with assets under management
(AUM) below $50 million and below $150 million.

Table 6 reports the results of liquidity timing for these subsam-
ples of small funds. Regardless of the definition of small funds,
we find consistent evidence of high-yield sector liquidity timing,
especially for corporate bond funds. The high-yield sector liquid-
ity timing coefficient is more pronounced for the portfolio com-
posed of smaller funds. For the group of corporate bond funds,
the high-yield liquidity timing coefficient is 0.82 (t=4.47) for
funds with AUM below $50 million, compared to 0.66 (t =4.25)
for funds with AUM below $150 million. Those results suggest

TABLE 6 | Liquidity timing in bond sectors: Small-size portfolios.

that our findings are not driven by large fund trading that could
affect market liquidity.

In our multi-sector liquidity timing model in Equation (5), we use
contemporaneous market liquidity in the liquidity timing regres-
sions, assuming that our expectation of market liquidity is infor-
mative. However, using contemporaneous market liquidity raises
potential simultaneity issues, as fund trading—particularly by
large funds—may itself influence aggregate market liquid-
ity. Moreover, observed market liquidity may partly reflect
procyclical or common investor flows rather than managers’
forward-looking liquidity expectations.

To mitigate concerns that contemporaneous market liquidity may
cause simultaneity bias and reflect procyclical investor flows, we
construct liquidity innovations conditional on the fund flows to
remove the predictable components of market liquidity that may
be jointly determined with fund trading, thereby mitigating the
contemporaneous impact of fund trading on market liquidity.
This approach ensures that our liquidity timing coefficients are

Panel A: AUM < $50 million

a, Oig.p Ony.p Ormbs,p IG HY MBS R?
Corporate -0.07* 0.81 0.82%** -0.69 0.94%** 0.25%** —-0.41 0.78
(~1.64) (0.45) (4.47) (~0.36) (8.16) (7.70) (~2.68)
High-yield —0.06%* 1.58 —0.22 —-1.24 —-0.03 0.86%** 0.05 0.98
(-2.38) (0.95) (~0.94) (~0.68) (~0.50) (35.51) (0.49)
Diversified —0.02 1.05 0.33%#* 1.06 0.57%** 0.17%** —0.07 0.93
(-1.15) (-1.31) (4.28) (1.23) (11.94) (14.24) (-1.17)
All fund -0.03 -0.75 0.35%** 0.90 0.53%%* 0.32%%* -0.15 0.89
(-1.28) (-0.68) (3.09) 0.74) (7.88) (15.26) (-1.61)
Panel B: AUM < $ 150 million
a, Oigp Ony.p Ormbs,p IG HY MBS R?
Corporate —0.08%* —4.14%%* 0.66*** 2.48 1.08%** 0.23%** —0.45%** 0.89
(-2.43) (~2.60) (4.25) (1.39) (11.83) (9.40) (~3.69)
High-yield —0.06%** 0.34 0.49* —0.80 0.01 0.86%** —0.03 0.98
(-2.77) (0.17) (1.69) (~0.38) (0.09) (38.06) (~0.28)
Diversified —0.02%* 0.20 0.14 0.72 0.67*** 0.12%** —0.12** 0.93
(—2.54) (—0.47) (0.25) (1.56) (18.00) (10.90) (=2.17)
All fund —0.04** 0.21 0.10 0.30 0.56%** 0.37%%* —0.15%* 0.92
(-2.31) (0.22) (1.19) (0.31) (10.90) (20.61) (-2.11)

Note: This table reports the regression results of the multi-sector liquidity timing model:

oo = @+ 0 (L = T )16, + Oug (L = T VY, + 0 (L = T MBS, + i TG, + Py JHY, + B MBS, + £,

18.p

where r,, is the excess return of fund p in month . G, is the excess return on the Bloomberg US Aggregate Index in month ¢. HY, and MBS, are the excess returns of the
Bloomberg US Corporate High-Yield Index and the Bloomberg US MBS Index, respectively. We use the 1-month Treasury bill rate as our proxy for the risk-free rate. L, is

the market liquidity measure for month ¢, and Zm is the time series mean of market liquidity measures. We multiply market illiquidity by —1 to represent market liquidity.

We use the average liquidity estimate over the previous 36 months as a proxy for the means of liquidity measures. The coefficients 6,

e Ony.p a0d 0, , measure liquidity

timing abilities with respect to IG, HY, and MBS factors, respectively. We report results for equal-weighted portfolios of corporate, high-yield, diversified, and all bond funds
for the period of July 2002-September 2021. The Newey-West t-statistics with 2 lags are reported in parentheses. ***, **, and * indicate statistical significance (two-tailed

test) at the 1%, 5%, and 10% levels, respectively.
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identified from unexpected liquidity shocks rather than the pre-
dictable component of market liquidity.

We then use these liquidity innovations in the following liquidity
timing regressions.

Foy =@, +0; L

p ig,p m,!IGt + ghy.pi’m,tHYt + ‘gmbs,pi’m,rMBSr

+ ﬁig,pth + ﬁhy,pHYt + ﬁmbs,pMBSt + Ep,[ (6)

where im,, is the residual from regressing market liquidity on its
own two lags and on common fund flows (including one lag of
common flows), which captures the unexpected component of
market liquidity.

In Table 7, we find significant high-yield sector liquidity timing
ability across bond funds. The liquidity timing coefficients are
positive and statistically significant for the full sample of bond
funds and corporate bond funds. In addition, both surviving and
non-surviving funds exhibit positive high-yield sector liquidity
timing skills. Overall, our results remain significant after control-
ling for contemporaneous liquidity and common fund flows.

Taken together, these results suggest that large fund trading,
simultaneity issue, and fund flows do not drive our findings on
sector liquidity timing skill among bond funds.

424 |
Market

Dealer Capacity Constraints in the OTC

In OTC bond markets, fund trading is often limited by capacity
constraints, particularly in less liquid sectors such as high-yield

bonds and MBS. To account for these constraints in our liquidity
timing analysis, we use primary dealer net positions as a proxy
for trading capacity because trading in OTC markets relies heav-
ily on dealer balance-sheet intermediation. Higher dealer net
positions reflect more heavily utilized dealer balance sheets and,
consequently, tighter residual intermediation capacity. This may
restrict fund managers’ ability to scale positions in response to
anticipated changes in market liquidity. We include interactions
between sector-level net position and sector factor returns to cap-
ture the impact of trading frictions and capacity constraints in the
OTC bond sector. The interaction terms allow funds’ exposures
to IG, HY, and MBS returns to vary with trading capacity, reflect-
ing the fact that tighter intermediation capacity may limit funds’
ability to scale sector exposures in OTC markets, particularly for
high-yield bonds and MBS.

rpe =, + eig,p(Lm,, - Lm)IG, + ehy,;,(Lmv, - Lm)HYt

+ Ounos ( Lins = L MBS, + fig G, + iy HY, + o, MBS,

+ R Net,

p IG, + By, Netyy  HY, + fiet Netnyg (MBS, +¢,,

o @)

g.t—1

Net;,_; represents lagged primary dealer net positions in sector
J, which proxy for dealer intermediation capacity in OTC mar-
kets. Higher values indicate tighter intermediation capacity and
potentially constrain funds’ ability to scale exposures. We obtain
primary dealer net position data from the Federal Reserve Bank
of New York. Based on liquidity timing strategy framework, fac-
tor exposures in month ¢ are determined by fund managers based
on their expectations of market/sector liquidity in month t-1.
Therefore, lagged dealer net positions capture the intermedia-

tion capacity prevailing when these portfolio decisions are made.

TABLE 7 | Liquidity timing in bond sectors using liquidity innovation.
%p Oigp Ony,p Opmbs,p IG HY MBS R?

Corporate —0.09** 0.45 0.59%* -1.57 1.51 0.30 —0.75%** 0.92
(-2.43) (0.26) (4.11) (-0.91) (15.51) (10.31) (—5.65)

High-yield —0.08*** 1.32 0.51* -1.51 —0.08 0.93%** 0.04 0.98
(=3.45) (0.81) (1.79) (-0.93) (-1.38) (51.40) (0.51)

Diversified —0.04%%* —0.18 0.07 0.77 0.69%** 0.11%** —0.12%* 0.94
(-2.62) (-0.25) (1.25) (1.21) (17.40) (10.42) (-2.30)

Non-survivor —0.09** —0.68 0.53%%* 1.08 0.771%%* 0.23%** —0.29* 0.82
(—2.48) (-0.51) (3.28) (0.80) (6.73) (6.72) (-1.97)

Survivor —0.03** 0.30 0.25%%* —0.05 0.57%%* 0.33%** —0.13** 0.94
(-1.96) (0.36) (2.96) (-0.06) (12.94) (22.48) (-2.12)

All fund —0.05** —0.02 0.37%%* 0.35 0.62%%* 0.29%** —0.18** 0.95
(=2.27) (-0.02) (3.67) (0.39) (11.01) (15.65) (-2.23)

Note: This table reports the regression results of the multi-sector liquidity timing model using liquidity innovations:

P.

Tpe =0+ Hig,pl:m,rIGx + ehy,p Z‘m,rHYr + gmbs,pi‘m.rMBSr + ﬂig.plGr + ﬂhy,pHYr + ﬂmbs.pMBSr tEp

where r,, is the excess return of fund p in month . I G, is the excess return on the Bloomberg US Aggregate Index in month ¢. HY, and MBS, are the excess returns of the
Bloomberg US Corporate High-Yield Index and the Bloomberg US MBS Index, respectively. We use the 1-month Treasury bill rate as our proxy for the risk-free rate. imv, is

the market liquidity innovation for month ¢. We multiply market illiquidity by —1 to represent market liquidity. The coefficients 6,

g0 Ony,p a0d 6, , measure liquidity

timing abilities with respect to IG, HY, and MBS factors, respectively. We report results for equal-weighted portfolios of corporate, high-yield, diversified, non-surviving,
surviving, and all bond funds for the period of July 2002-September 2021. The Newey-West t-statistics with 2 lags are reported in parentheses. ***, ** and * indicate

statistical significance (two-tailed test) at the 1%, 5%, and 10% levels, respectively.
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TABLE 8 | Liquidity timing in bond sectors: Control for trading constraints.

a, O Oy Ombsp IG HY MBS B et A

Corporate —0.01  —1827%*  3.82*%  16.65*% 1.50"*  026™* —0.80"*  1.00**  —0.79"*  —0.11 097
(=0.19)  (=2.67)  (1.67) (1.69) (12.29) (11.40) (-4.59)  (2.10)  (=2.18)  (=0.92)

High-Yield ——0.05% 0.81 3.34% 997  —0.01  0.93**  —0.06 —032  —0.56** —0.17** 0.99
(-4.02) (0.17) (2.25)  (1.54) (=0.15) (47.80) (=0.57) (=1.29) (=2.05) (-2.16)

Diversified 0.00 —7.67* 0.41 595 0.68%*  0.08***  —0.15 0.41 -0.15 —0.01 0.8
(0.18) (-1.83)  (0.52) (1.09)  (9.01) (7.54) (-146) (1.51) (-1.23) (-=0.10)

All fund -0.01 —6.68* 219" 808  0.59%* 031"  —020* 029  —046** —0.08  0.99
(-1.32)  (-1.68)  (2.71)  (1.59)  (8.91) (25.36) (-2.20) (1.24) (=3.76) (-1.13)

Note: This table reports the regression results of the multi-sector liquidity timing model:

Foe =, + 0, (Lm,, -, ) IG, + 9hy,p(Lm_, -I, )HY[ + O,y (Lm,, -, >MBSI +5

iep IG, + fry ,HY, + Braps ,MBS,

8.p

Net Net Net
+ Bgp Netig 1 IG + B Netyy  (HY + B Nety MBS, +¢,,

where r,, is the excess return of fund p in month . I G, is the excess return on the Bloomberg US Aggregate Index in month ¢. HY, and MBS, are the excess returns of the
Bloomberg US Corporate High-Yield Index and the Bloomberg US MBS Index, respectively. We use the 1-month Treasury bill rate as our proxy for the risk-free rate. L, is
the market liquidity measure for month ¢, and fm is the time series mean of market liquidity measures. We multiply market illiquidity by —1 to represent market liquidity.
We use the average liquidity estimate over the previous 36 months as a proxy for the means of liquidity measures. Net, ,_; represents lagged primary dealer net positions in
the sector j, which is a proxy for dealer intermediation capacity in OTC markets. Higher values indicate tighter intermediation capacity and potentially constrain funds’
ability to scale exposures. We report results for equal-weighted portfolios of corporate, high-yield, diversified, and all bond funds for the period of March 2013 -September

2021. The Newey-West t-statistics with 2 lags are reported in parentheses. ***, **, and * indicate statistical significance (two-tailed test) at the 1%, 5%, and 10% levels,

respectively.

The coefficient on the interaction between net positions and sec-
tor returns captures how dealer intermediation capacity affects
funds’ exposures to sector returns. A negative coefficient indi-
cates that funds’ exposure to the factor decreases when dealer net
positions are high, signalling tighter intermediation capacity.

Table 8 reports the results for the multi-sector liquidity timing
model after controlling for primary dealer capacity constraints.®
As expected, dealer intermediation capacity negatively affects
funds’ exposure to high-yield factor returns when dealers’ net
positions are high in the relatively illiquid high-yield bond mar-
ket. For example, the estimated coefficient of the interaction term
Apyp 18 —0.46 with a t-statistic of —3.76 for the portfolio of all
funds. This negative effect also holds for corporate bond funds
and high-yield bond funds, which hold a substantial proportion
of high-yield bonds in their portfolios. Overall, these results sug-
gest that capacity constraints may limit funds’ ability to adjust
high-yield factor exposure in response to market movements,
reducing the incremental return benefit from high-yield exposure
during periods of tight dealer intermediation capacity.

We find significant evidence of high-yield sector liquidity-timing
ability after controlling for dealer capacity constraints, for both
the full bond fund sample and corporate bond funds. Inter-
estingly, we find that high-yield bond funds exhibit significant
high-yield liquidity timing coefficients after controlling for capac-
ity restriction. However, the negative coefficient on the inter-
action between high-yield sector return and lagged dealer net
positions suggests that tight dealer intermediation capacity weak-
ens the effectiveness of liquidity-timing strategies. This implies
that, although high-yield bond fund managers correctly antici-
pate liquidity conditions, their ability to scale or adjust high-yield
exposures is partially constrained when dealer intermediation
capacity is limited, consistent with trading frictions in OTC bond
markets.

4.3 | Liquidity Timing Performance: US
Onshore vs. Offshore Funds

We next examine whether the findings about liquidity timing per-
formance are biased by the inclusion of overseas bond mutual
funds. Our sample comprises both onshore (US-domiciled) bond
funds and offshore (non-US domiciled) funds, all of which invest
in the US corporate bond market. Both types of funds in our
sample primarily hold USD-denominated corporate bonds, and
all returns are expressed in USD, therefore differences arising
from currency conversion or currency hedging are unlikely to
materially affect our results. However, regulatory frameworks
and investor base characteristics across domiciles could influ-
ence fund trading patterns and liquidity management. To address
these concerns, we conduct a subsample analysis to compare lig-
uidity timing performance between onshore and offshore funds.

In Table 9, Panel A shows the performance of liquidity timing
ability using the aggregate bond market liquidity timing model
in Equation (3), while Panel B shows the sector liquidity tim-
ing performance using bond sector liquidity timing model in
Equation (5). In Panel A, we only find evidence of liquidity tim-
ing for the group of all offshore funds and diversified bond funds.
However, there is no evidence of market liquidity timing for off-
shore funds.

In Panel B, we find that both onshore and offshore funds
exhibit high-yield sector liquidity timing ability. Specifically, the
high-yield sector liquidity timing coefficients are positively sig-
nificant for the group of all onshore funds and the group of all
offshore funds. Across fund categories, both onshore and offshore
corporate bond funds demonstrate significant positive high-yield
sector liquidity skills. Interestingly, offshore funds show partic-
ularly strong evidence of high-yield sector liquidity timing. For
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TABLE9 | Liquidity timing performance: Onshore versus offshore.

Panel A: Aggregate market liquidity timing model

a, 9m’p MKT HY MBS R?
Onshore funds
Corporate —0.04 0.57 1.62%** 0.18%** —0.70%** 0.94
(-1.42) (0.66) (14.02) (7.38) (—4.55)
High-Yield —0.03 0.58 0.01 0.88%+* —0.02 0.98
(~1.06) (0.60) (0.05) (28.14) 0.12)
Diversified —0.03%** 0.56%** 0.80%** 0.07#** —0.18*** 0.95
(-2.63) (3.43) (17.90) (8.40) (-3.19)
All Onshore —0.03** 0.64** 0.71%** 0.22%%* —0.20%** 0.97
(=2.01) (2.27) (11.93) (20.72) (-2.68)
Offshore funds
Corporate —0.05* —0.39 1.75%** 0.05* —0.81*** 0.92
(~1.69) (=0.40) (13.70) (1.94) (—4.58)
High-Yield —0.08*** 0.56 —0.03 0.89%+* 0.01 0.97
(—2.85) (0.55) (~0.30) (23.58) (0.10)
Diversified —0.06%** —0.09 0.71%** 0.02** —0.12** 0.94
(—4.96) (-0.45) (17.26) (2.11) (=2.54)
All Offshore —0.04* 0.35 0.81%** 0.18%** —0.32%* 0.90
(~1.76) (0.66) (6.87) (8.29) (~2.10)
Panel B: Sector liquidity timing model
a, (9 Onyp Ormbs.p IG HY MBS R?
Onshore funds
Corporate —0.07** 0.25 0.41%* —0.54 1.47%%* 0.34%%* —0.69%** 0.92
(=2.05) (0.10) (2.15) (-0.22) (15.41) (12.84) (-5.59)
High-Yield —0.06 1.12 0.37 -1.48 —0.03 0.92%** —0.00 0.98
(~0.98) (0.55) (1.19) (~0.69) (~0.58) (44.29) (~0.03)
Diversified —0.03* —0.32 0.02 1.28* 0.70%** 0.12%** —0.12** 0.94
(-1.88) (-0.42) (0.42) 1.75) (18.12) (11.82) (=2.33)
All Onshore —0.04** -0.19 0.20%* 0.82 0.61%** 0.28%** —0.14** 0.95
(=2.12) (~0.18) (2.25) (0.82) (13.47) (19.70) (=2.40)
Offshore funds
Corporate —0.10%** —2.45 0.71%** 1.14 1.57%** 0.25%** —0.78*** 0.90
(=2.72) (~0.99) (3.36) (0.44) (15.36) (8.94) (~5.84)
High-Yield —0.10%** 1.83 0.14 -1.93 —0.07 0.91%** 0.04 0.98
(—4.46) (-0.85) (0.41) (~0.83) (~1.06) (33.22) (0.45)
Diversified —0.06%** —0.44 —0.02 0.55 0.62%** 0.07%** —0.08 0.92
(—4.04) (-0.49) (-0.21) (0.62) (14.59) (6.88) (-1.46)
All Offshore —0.07*** —0.60 0.45%* 0.36 0.68*** 0.28%** —0.25%* 0.89
(~2.65) (~0.38) (2.75) (0.82) (7.12) (7.05) (~2.14)

Note: This table reports the regression results of the liquidity timing models:

Py =@y + B0, MKT, + em.p(Lm., —im)MKT, + Pryp HY, + Py MBS, + ¢,

Tpa ig.p

=a,+0; (Lm,: - Zm)]Gl + Bhy_p(Lm.l - ZM)HYI + Ormbs.p (Lm,l -, )MBS; + Pigpd G + Pry ,HY, + Brops ,MBS, + ¢,

where r,, is the excess return of fund p in month . MKT, is the excess return on the Bloomberg US Universal Index in month t. IG, is the excess return on the Bloomberg US Aggregate Index in month
t. HY, and MBS, are the excess returns of the Bloomberg US Corporate High-Yield Index and the Bloomberg US MBS Index, respectively. We use the 1-month Treasury bill rate as our proxy for the
risk-free rate. L, , is the market liquidity measure for month ¢, and f,,, is the time series mean of market liquidity measures. We multiply market illiquidity by —1 to represent market liquidity. We use
the average liquidity estimate over the previous 36 months as a proxy for the means of liquidity measures. We report results for equal-weighted portfolios of corporate, high-yield, diversified,
non-surviving, surviving, and all bond funds for the period of July 2002-September 2021. The Newey-West t-statistics with 2 lags are reported in parentheses. ***, ** and * indicate statistical
significance (two-tailed test) at the 1%, 5%, and 10% levels, respectively.
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example, the high-yield sector liquidity timing coefficient for
offshore funds is 0.45 (¢t =2.75), compared to 0.20 (t=2.25) for
onshore funds. This suggests that offshore funds may be more
likely to adopt a sector-level liquidity timing strategy.

Overall, these results indicate that our main conclusions are not
driven by the inclusion of offshore funds.

4.4 | Liquidity Timing: Value-Weighted
Portfolio

In the previous sections, we report liquidity timing performance
using equal-weighted fund portfolios. Investors may also be inter-
ested in the performance of value-weighted portfolios. For com-
parison purposes, we therefore report liquidity timing results for
value-weighted portfolios in Table 10. Panels A and B of Table 10
present the results for aggregate and sector liquidity timing mod-
els, respectively.’

In Panel A, we find significant aggregate market liquidity tim-
ing ability for the value-weighted portfolio of all bond funds
(t=2.99), aresult that is not observed when using equal-weighted
portfolios. Diversified bond funds also exhibit stronger and sta-
tistically significant aggregate market liquidity timing ability at
the 5% level compared with the corresponding equal-weighted
portfolios.

In Panel B, using the sector liquidity timing model, we find
significant high-yield sector liquidity timing ability for the
value-weighted portfolio of all bond mutual funds, consistent
with our earlier results using equal-weighted portfolios. Interest-
ingly, corporate bond funds no longer exhibit significant positive
high-yield sector liquidity timing ability using the value-weighted
portfolio. Taken together with the results in Section 4.2.3, which
show that smaller corporate bond funds display significant
high-yield sector liquidity timing ability, this finding suggests that
larger corporate bond funds are less effective at timing high-yield
sector liquidity, because value-weighted portfolios place greater
weight on larger corporate bond funds. We further confirm this
idea using a subsample of large corporate bond mutual funds
(results are available upon request).

4.5 | Liquidity Timing: Excluding Crisis Periods
To ensure that our results are not driven by the 2008 global finan-
cial crisis or the 2020 market crash associated with the COVID-19
pandemic, we exclude data from July to December 2008 and from
January to April 2020 as a robustness test. We repeat the tests in
Equations (3) and (5) and report the results in Table 11. In Panel
A, compared to the results in Table 3, we still find no evidence of
market liquidity timing ability for bond funds after excluding the
crisis periods.

In Panel B, when we exclude the crisis periods, the evidence of
high-yield sector liquidity timing becomes slightly stronger. For
example, for the all-bond fund portfolio, the liquidity timing coef-
ficient is 0.48 with a t-statistic of 2.89 when we exclude the 2008
crisis and the 2020 crash, whereas it is 0.28 with a t-statistic of
2.60 when these periods are included (see Table 4). For high-yield

bond funds, we find significant positive liquidity timing skills
in the absence of crisis periods. Combined with the results in
Table 4, this suggests that high-yield funds fail to time market
liquidity during the crisis period. This result is consistent with
Section 4.2.4 that high-yield fund liquidity timing ability is con-
strained when dealer net positions of high-yield bonds are high,
a situation that typically occurs during crisis or market-crash
periods.

In contrast, we find that corporate bond funds show weaker evi-
dence of high-yield sector liquidity timing after excluding cri-
sis and market crash periods. The coefficient is 0.37 with a
Newey-West t-statistic of 1.65, compared with 0.53 (t=2.71) in
Table 4 when crisis periods are included. This suggests that cor-
porate bond funds demonstrate their liquidity timing ability more
evidently during crisis periods when liquidity conditions deterio-
rate sharply and liquidity risk becomes most salient. These results
also indicate that corporate bond fund managers are likely gen-
uine liquidity timers who employ a high-yield sector liquidity
timing strategy.

4.6 | Time-Varying Fund Categories

Our data contains the most recent bond fund category classifica-
tions. To mitigate concerns that our results are biased by fund cat-
egory reclassifications over time, we employ a machine-learning
approach to infer time-varying fund categories. Specifically, we
train a random forest classifier to identify changes in fund classifi-
cations. We find that fund category reclassifications are relatively
infrequent. Using this approach, we identify only 78 funds (9.2%
of all funds) that change their category at some point during the
sample period. This suggests that the vast majority of funds main-
tain consistent category classifications. The detailed methodol-
ogy is described in Appendix S1.

To ensure that our results are not biased by category reclassifica-
tions, we exclude these 78 funds and re-estimate our two liquid-
ity timing models. To save space, the corresponding results are
reported in the Appendix S1. After excluding funds that change
their category classification, our results remain unchanged. On
average, diversified funds continue to exhibit positive and statis-
tically significant aggregate market liquidity timing ability, while
corporate bond funds continue to display positive and statistically
significant high-yield sector liquidity timing ability.

4.7 |
Errors

Moving Block Bootstrap for Standard

To control for potential heteroskedasticity and autocorrelation
effects, apart from the Newey-West standard errors, we also cal-
culate bootstrap p-values using a moving block bootstrap proce-
dure. We bootstrap the sample B times (B=1000) with a block
length of 6 months. For each bootstrap replication b, we estimate
the liquidity timing coefficient and compute the corresponding

Oy
t-statistic tﬁb) =2 % (b=1,23, ..., B), where Hf”) denotes

se(o”)
the bootstrap estimate of the timing coefficient and @\l is the esti-
mate from the original sample. After B bootstrap draws, we get
an empirical distribution of the bootstrap t-statistic, tgb), which
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TABLE 10 | Liquidity timing test value-weighted portfolios.
Panel A: Aggregate market liquidity timing model
a, 0 p MKT HY MBS R?
Corporate —0.04 0.17 1.51%** 0.13%** —0.50%** 0.95
(-1.59) (0.23) (15.13) (6.25) (—3.98)
High-Yield —-0.03 0.46 0.05 0.90%** -0.11 0.98
(-1.14) (0.49) (0.50) (28.95) (~0.82)
Diversified —0.02 0.58** 0.95%%* 0.06%** —-0.10* 0.96
(~1.45) (2.54) (20.79) (5.79) (~1.83)
All fund —-0.01 0.58%** 0.82%** 0.18*** —-0.10* 0.97
(-1.12) (2.99) (20.21) (21.25) (-1.91)
Panel B: Sector liquidity timing model
a, Oigp Onyp Ormbs,p IG HY MBS R?
Corporate —0.06™* 0.07 0.24 —-0.47 1.37%%* 0.28%%* —0.49%** 0.92
(~1.96) (0.03) (1.21) (~0.20) (15.00) (12.11) (—4.35)
High-Yield —0.05** 0.54 0.29 —0.55 -0.01 0.94%* -0.05 0.98
(~2.50) (0.23) (0.87) (~0.23) (-0.17) (44.35) (-0.71)
Diversified —-0.02 —-0.67 0.18** 1.33* 0.86%** 0.14%* —0.09* 0.96
(-1.47) (—0.90) (2.19) (1.66) (23.72) (13.99) (-1.80)
All fund —0.02* —-0.49 0.27%** 0.89 0.75%* 0.26%** —0.09** 0.98
(-1.79) (-0.56) (3.93) (1.01) (22.11) (28.38) (=2.11)

Note: This table reports the regression results of the liquidity timing models:

Fpu = @+ B MET, + 6, ( Ly, = Ly JMKT, + By, HY, + Pro MBS, + ¢,

For =@, + 0, (Lm_, - Z,,,)IG, + 64y, <Lmv, -, )HY, + O (L,,,_, -, )MBS, + By TG, + Py HY, + B MBS, +¢,,

ig.p

18,0

where r,, is the excess return of fund p in month #. MKT, is the excess return on the Bloomberg US Universal Index in month . G, is the excess return on the Bloomberg
US Aggregate Index in month t HY, and MBS, are the excess returns of the Bloomberg US Corporate High-Yield Index and the Bloomberg US MBS Index, respectively. We
use the 1-month Treasury bill rate as our proxy for the risk-free rate. L,,, is the market liquidity measure for month ¢, and Em is the time series mean of market liquidity
measures. We multiply market illiquidity by —1 to represent market liquidity. We use the average liquidity estimate over the previous 36 months as a proxy for the means of
liquidity measures. We report results for value-weighted portfolios of corporate, high-yield, diversified, non-surviving, surviving, and all bond funds for the period of July
2002 -September 2021. The Newey-West t-statistics with 2 lags are reported in parentheses. ***, ** and * indicate statistical significance (two-tailed test) at the 1%, 5%, and

10% levels, respectively.

approximates the true sampling distribution of the t-statistic
under time dependence. We then use the distribution of tgb) to
compute two-sided bootstrap p-values:

B
1 ®)

p=5 0[] 2 1nl) ®)

b=1
where I (+) is an indicator function, and the observed t-statistic is

9.
t, = ——.
! SE(§ i)

In unreported results, we find that corporate bond funds exhibit
positive and statistically significant high-yield sector liquidity
timing ability based on bootstrap p-values, consistent with our
earlier findings. In contrast, we do not find evidence that diver-
sified funds display significant aggregate market liquidity timing
ability when inference is based on bootstrap p-values.

4.8 | State Space Model for Liquidity Timing

In the previous sections, in order to test liquidity timing abil-
ity of mutual fund managers, we model the change in mar-
ket/sector exposure as a linear function of changes in the
market liquidity. In this section, we do not impose the exis-
tence of an average market exposure for mutual funds. Instead,
we allow market and sector exposures to evolve over time,
even in the absence of market timing ability, by modelling
fund betas as following a random walk when no timing is
detected. Consequently, observed dynamics in market exposure
may reflect factors other than liquidity timing, such as changes
in investment strategies or in the composition of underlying
assets.

We estimate the state-space model, which consists of the mea-
surement equation (Equation (1) for aggregate liquidity timing
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TABLE 11 | Liquidity timing test: Excluding crisis periods.

Panel A: Aggregate market liquidity timing model

a, Oy MKT HY MBS R?
Corporate —0.04** 0.55 1.56%*+* 0.13%** —0.66*** 0.94
(-2.02) (0.36) (27.85) (10.57) (=9.16)
High-Yield —0.02 2.88* —0.00 0.88%** -0.10 0.98
(~0.99) (1.92) (~0.05) (23.34) (~1.18)
Diversified —0.02** —0.36 0.72%+* 0.047+* —0.06 0.94
(-2.42) (~0.69) (20.03) (5.98) (~1.43)
Non-survivor —0.04** 0.42 0.79%+* 0.177%** —0.27%** 0.86
(-2.13) (0.62) (9.65) (6.07) (~2.95)
Survivor —-0.00 0.37 0.61%** 0.25%** —0.17%** 0.98
(—0.82) (0.61) (20.99) (27.58) (~3.00)
All fund —0.02 0.45 0.68%*** 0.20%** —0.16%** 0.96
(~1.39) (0.76) (18.81) (16.72) (~3.76)
Panel B: Sector liquidity timing model
a, Oip Oy Ormbs.p IG HY MBS R?
Corporate -0.03 —2.77* 0.37* 4.53%* 1.45%% 0.25%** —0.68*** 0.94
(~1.46) (~1.96) (1.65) (2.23) (20.87) (18.60) (~7.55)
High-Yield —0.04*** 0.03 1.39%#* 0.87 —0.05 0.90*** —-0.00 0.99
(-3.30) (0.02) (6.71) 0.57) (-1.11) (84.94) (~0.07)
Diversified —0.04* —0.34** 0.01 1.08** 0.68*** 0.11%** -0.11 0.94
(~1.73) (~2.00) (0.14) (2.27) (18.22) (13.95) (~1.59)
Non-survivor —0.04** —2.34%% 0.55%* 3,24k 0.69*** 0.19%** —0.23** 0.85
(~2.28) (~2.94) (2.18) (3.06) (9.20) (12.06) (~2.44)
Survivor —0.01 —0.95 0.36** 1.32 0.55%#* 0.31%** —0.09** 0.97
(-0.87) (-1.12) (2.41) (1.40) (15.90) (40.14) (-2.10)
All fund —0.02 —1.47* 0.48%#+* 1.99* 0.60%*** 0.26%** —0.14%* 0.95
(~1.55) (~1.83) (2.89) (2.19) (15.68) (29.19) (-2.78)

Note: This table reports the regression results of the liquidity timing models:

Fps = @, + B MKT, + em‘p(LmV, - Em)MKT, + By HY, + Prns MBS, + ¢,

oo = @+ 0 (L = L )16, + 04y (L = T )Y, + O (L = L MBS, + Big TG, + oy HY, + P MBS, +,,

igp

where r,, is the excess return of fund p in month t. MKT, is the excess return on the Bloomberg US Universal Index in month ¢. IG, is the excess return on the Bloomberg
US Aggregate Index in month . HY, and MBS, are the excess returns of the Bloomberg US Corporate High-Yield Index and the Bloomberg US MBS Index, respectively. We
use the 1-month Treasury bill rate as our proxy for the risk-free rate. L,,, is the market liquidity measure for month ¢, and Zm is the time series mean of market liquidity
measures. We multiply market illiquidity by —1 to represent market liquidity. We use the average liquidity estimate over the previous 36 months as a proxy for the means of
liquidity measures. We report results for equal-weighted portfolios of corporate, high-yield, diversified, non-surviving, surviving, and all bond funds for the period of July
2002-September 2021. The Newey-West t-statistics with 2 lags are reported in parentheses. ***, ** and * indicate statistical significance (two-tailed test) at the 1%, 5%, and

10% levels, respectively.

or Equation (4) for sector liquidity timing) and the transition
equation, p; = f,_; + v, using the Kalman filter.!® The residu-
als are assumed to be normally distributed. We first estimate
time-varying betas of equal-weighted portfolios of all funds and
then regress their first differences on liquidity innovations, L,.!!

46, =ap+ Hpi, +e€,, ©)]

In Table 12, we report the results of the state-space liquidity
timing models. We find that high-yield sector liquidity timing
ability remains positive and statistically significant. In contrast,
investment-grade sector timing is statistically significant but neg-
ative, a pattern that does not appear in the previous sections. We
do not find evidence of significant aggregate market liquidity tim-
ing or MBS sector liquidity timing.
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TABLE 12 | State space liquidity timing model.

a, 0, R?

MKT timing —0.001 0.090 0.02
(—0.009) (1.362)

IG timing 0.001 —0.158** 0.03

(0.017) (~2.405)

HY timing —0.001 0.187*** 0.01
(—0.020) (2.869)

MBS timing —-0.001 0.083 0.01
(—0.009) (1.261)

Note: This table reports results from the state-space liquidity timing models
estimated using the Kalman filter. We first estimate time-varying betas for
equal-weighted portfolios of all funds and then regress their first differences on

liquidity innovations, L,. The reported standardized coefficient 6 captures the
sensitivity of changes in fund exposure to unexpected changes in market liquidity.
#x o+ and * indicate statistical significance (two-tailed test) at the 1%, 5%, and 10%
levels, respectively.

5 | Individual Fund Level Analysis

5.1 | Cross-Section Distribution of t-Statistics
for Liquidity Timing

In this section, we evaluate liquidity timing skills using regres-
sion Equations (3) and (5) for individual bond funds. To ensure
reliable regression estimates, we require each fund to have at least
36 monthly observations.

Table 13 reports the cross-sectional distribution of t-statistics for
liquidity timing coefficients across individual funds. In particu-
lar, the table shows the percentage of t-statistics exceeding the
indicated cutoff values.

Panel A of Table 13 estimates the liquidity timing coefficients and
t-statistics for the overall bond market using Equation (3). We
find that about 18.21% of funds have t-statistics greater than 1.96,
which indicates that some funds have significantly positive lig-
uidity timing at the individual fund level. For the overall sample,
the distribution is right-skewed with the proportion of positive
t-statistics greater than the negative proportion. In terms of sub-
groups of bond funds, about 23.21% of diversified bond funds
demonstrate significant positive liquidity timing skills at the 5%
level. For diversified bond funds, the proportion of positive liquid-
ity timing is also greater than negative liquidity timing. This may
explain why diversified funds show significant positive liquidity
timing at the portfolio level in Table 3. We also confirm previous
findings that non-surviving funds may disappear because of other
factors rather than liquidity timing, since non-surviving funds
have a higher percentage of positive t-statistics than surviving
funds at the 5% level.

In Table 13, Panels B-D report the t-statistics of timing coeffi-
cients with respect to investment grade (IG), high-yield (HY), and
MBS risk factors, respectively, using Equation (5). In Panel B, we
find some evidence of investment grade liquidity timing at the

individual fund level, although we don’t find evidence of signif-
icant investment grade liquidity timing at the portfolio level in
Table 4. The distribution of t-statistics for the IG sector liquidity
timing coefficient is right-skewed. The proportion of positive IG
sector liquidity timing coefficients exceeds the proportion of neg-
ative ones, and around 12.22% of funds exhibit significant liquid-
ity timing skills at the 5% level. We also find that around 12.03%
of high-yield bond funds demonstrate positive IG sector liquidity
timing at the 5% level, which is not revealed at the portfolio level.

In Table 13 Panel C, the results show strong evidence that fund
managers possess high-yield liquidity timing skills at the indi-
vidual fund level. For the overall sample, the right tail of the
t-statistics appears thicker than the left tail. Around 20.09% of
bond funds demonstrate positive high-yield liquidity timing coef-
ficients with t-statistics greater than 1.96. The result is more sig-
nificant for corporate bond funds with 31.25% of funds having
significant and positive HY sector liquidity timing at the 5% level.
Taken together, these results support the evidence in Table 4 that
bond funds have significant high-yield liquidity timing skills at
the portfolio level.

For the MBS sector liquidity timing skills in Panel D, we focus
on their negative MBS sector timing skills. That is, we expect the
bond fund managers to hold less MBS when the corporate bond
market liquidity increases. A small number of funds have signif-
icant negative MBS sector liquidity timing skills. The proportion
of significantly negative MBS timing coefficients is around 8.81%
at the 5% level.

Overall, the distributions of t-statistics suggest the presence of lig-
uidity timing skills at the individual fund level based on the con-
ventional significance values under the normality assumption.

5.2 | False Discovery Rate (FDR)

In Section 5.1, we use the standard procedure of examining
each fund’s liquidity timing coefficient independently and iden-
tifying how many funds have significantly positive or nega-
tive coefficients, implicitly assuming that the false discover-
ies are zero. In a multiple hypothesis testing framework, how-
ever, this approach increases the probability of false discoveries
(Type I errors). Therefore, it is essential to control the propor-
tion of false discoveries to avoid incorrectly rejecting the null
hypothesis. In this section, we examine the liquidity timing of
bond mutual funds by controlling the false discovery rate (FDR)
to find out how many funds are truly liquidity timers. We use
the standard Benjamini and Hochberg (1995) method to con-
trol false discoveries and get adjusted p-values for each timing
coefficient.!?

In Table 14, we report the percentage of funds exhibiting signif-
icant liquidity timing ability after controlling for the FDR. We
still find a substantial proportion of significant positive liquid-
ity timers, particularly for aggregate market liquidity timing and
high-yield sector timing (9.64% and 13.98%, respectively, at the
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TABLE 13 | Cross-sectional distributions of t-statistics for liquidity timing coefficients across individual funds.

Panel A: Overall MKT timing

Group t<-2.326 t <—1.960 t < —1.645 t<—1.282 t>1.282 t>1.645 t>1.960 t>2.326
Corporate 25.00 28.12 29.69 39.06 15.62 10.94 6.25 4.69
High-Yield 5.70 6.33 7.59 12.66 12.03 5.06 3.16 1.90
Diversified 6.68 8.11 9.86 15.58 37.04 28.62 23.21 16.69
Non-survivor 2.86 3.81 6.03 13.33 36.83 28.89 23.81 18.10
Survivor 10.82 12.50 13.81 18.84 27.24 19.40 14.93 10.07
All fund 7.87 9.28 10.93 16.80 30.79 22.91 18.21 13.04
Panel B: IG sector timing
Group t<-2.326 t <—1.960 t < —1.645 t<—-1.282 t>1.282 t>1.645 t>1.960 t>2.326
Corporate 7.81 14.06 15.62 25.00 6.25 4.69 4.69 3.12
High-Yield 4.43 5.70 8.23 10.13 27.22 15.82 12.03 6.96
Diversified 5.72 8.43 11.92 16.69 22.10 16.85 13.04 9.06
Non-survivor 4.13 6.35 8.25 12.38 22.86 18.10 13.65 8.89
Survivor 6.53 9.51 13.43 18.28 21.27 14.37 11.38 7.84
All fund 5.64 8.34 11.52 16.10 21.86 15.75 12.22 8.23
Panel C: HY sector timing
Group t<-2.326 t <—1.960 t < —1.645 t<—-1.282 t>1.282 t>1.645 t>1.960 t>2.326
Corporate 0.00 3.12 4.69 7.81 39.06 34.38 31.25 23.44
High-Yield 3.16 3.80 8.23 12.66 31.65 25.95 18.99 15.19
Diversified 14.63 20.19 25.60 31.32 27.34 21.78 19.24 14.63
Non-survivor 13.02 18.73 24.44 30.79 2413 17.78 15.87 13.02
Survivor 10.45 14.18 18.66 23.32 31.90 26.87 22.57 16.79
All fund 11.40 15.86 20.80 26.09 29.02 23.50 20.09 15.39
Panel D: MBS sector timing
Group t<-2.326 t <—1.960 t < —1.645 t<—-1.282 t>1.282 t>1.645 t>1.960 t>2.326
Corporate 1.56 3.12 9.38 10.94 17.19 14.06 7.81 6.25
High-Yield 6.33 10.76 19.62 31.65 12.66 6.96 4.43 4.43
Diversified 6.84 8.90 11.61 16.22 21.30 15.26 11.76 8.90
Non-survivor 7.62 10.79 15.87 20.00 17.46 12.70 9.21 6.67
Survivor 5.60 7.65 11.19 17.91 20.52 14.18 10.63 8.58
All fund 6.35 8.81 12.93 18.68 19.39 13.63 10.11 7.87

Note: The table summarizes the distribution of t-statistics for the liquidity timing coefficients using Equations (3) and (5). We require funds to have at least 36 monthly
observations to be included in the analysis. The Newey-West t-statistics are reported. Results are presented for corporate, high-yield, diversified, non-surviving, surviving,
and all bond funds. This table shows the percentage of funds with t-statistics that are greater than or less than the indicated t-values.

5% significance level). These results are consistent with results
obtained from the standard approach, which simply counts the
number of significant positive timing coefficients.

5.3 | Bootstrap Analysis

We conduct a bootstrap analysis in this subsection based on the
key findings described in Section 5.1. Our goal is to test whether
the actual bond funds with liquidity timing skills are statisti-
cally significantly different from those bootstrapped bond funds

without liquidity timing skills. The bootstrap approach ensures
that regression results are valid for funds with highly non-normal
returns.

Our procedure is very similar to the bootstrap approaches of Cao,
Chen, et al. (2013) and Cao, Simin, and Wang (2013). We first esti-
mate the liquidity timing model in Equation (3) for each fund p
and retain the parameter estimates and time series of residuals,
that is,{&p,@\m,p, ﬁmqp,@w,p’ ﬁmbs,p} and {Ep’,,t =0,...,T,}, where
T, is the number of monthly observations for fund p. We then
resample the residuals with replacement and obtain a randomly
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TABLE 14 | False discovery rate.

06<0 0>0
p<0.01 p<0.05 p<0.10 p<0.10 p<0.05 p<0.01
MKT timing 3.64 6.23 7.76 12.93 9.64 5.99
IG timing 1.65 3.17 4.11 6.35 4.47 2.47
HY timing 6.46 9.05 12.69 16.33 13.98 9.4
MBS timing 0.94 2.70 4.70 5.64 4.35 1.76

Note: This table reports the percentage of funds with p-values (2-sided) below the indicated thresholds after controlling for the false discovery rate. 6 < 0 and 6 > 0 denote

negative and positive liquidity timing ability, respectively.

resampled time series of residuals {é\f} ~b=1,2,..., B}, where B
is the total number of bootstrap iterations.

We construct a time series of bootstrapped returns for fund p that
has no liquidity timing skills, that is, we set the coefficient on the
liquidity timing term, 6, ,,to be zero, as follows:

m,p?

rb, =@, + B, MKT, + By, HY, + B ,MBS, +&  (10)
We then estimate the bootstrapped liquidity timing coefficient,
3:; »” for fund p and its Newey-West t-statistic, 72 , using the
liquidity timing model in Equation (3). By consﬂff‘uction, the
bootstrapped liquidity-timing ability is equal to zero, and any
non-zero timing coefficients and their t-statistics are purely due
to sample variation or luck.

We repeat this process for each fund p and obtain the
cross-sectional distribution of liquidity-timing coefficients and
their t-statistics across all sample funds. We save these values
at various percentile points in the cross-section, that is, 1st, 5th,
25th, 50th, 75th, 90th, 95th, and 99th percentiles.

Repeating this procedure for B-time iterations, we obtain hypo-
thetical distributions of cross-sectional timing coefficients and
their t-statistics for each percentile. The bootstrapped p-value is
calculated as follows:

B
1
p=g 21w a1
b=1
1 |n'b| > |z|
1|”b|>|”‘ N {0 otherwise (12)

where B is the number of iterations and I is an indicator func-
tion. #” and r are the cross-sectional statistics of the bootstrapped
and actual liquidity timing coefficients or their t-statistics, respec-
tively. We run our bootstrap tests mainly for the t-statistics of
the liquidity timing coefficients because of their superior statis-
tical properties in bootstrap analysis (Kosowski et al. 2006; Jiang
et al. 2007; Cao, Chen, et al. 2013; Cao, Simin, and Wang 2013).

We then perform other bootstrap tests in which the t-statistics
are sorted by liquidity timing coefficients with respect to invest-
ment grade, high-yield, and MBS factors. For each bond sector,
using our multifactor liquidity timing model in Equation (5),
we first generate time series returns of bootstrapped funds that
have no liquidity timing skills. Then, we estimate the t-statistics

of these liquidity coefficients for actual funds as well as boot-
strapped funds. After that, for liquidity timing skills with respect
to bond sectors, we draw inferences about the existence of skilled
managers by comparing the actual t-statistics to the bootstrapped
t-statistics for individual funds at various percentile points in
the cross-sectional distribution. p-values are calculated using
Equation (11).

If the bootstrapped p-value for a positive t-statistic is close to zero
(i.e., the t-statistic of actual positive liquidity coefficient is consis-
tently higher than the corresponding bootstrapped values), this
fund is said to exhibit positive liquidity timing ability that is not
purely due to luck. Similarly, if the bootstrapped p-value for a neg-
ative t-statistic of the liquidity timing coefficient is close to zero,
we infer that this fund has negative liquidity timing skill that is
not due to bad luck.

Panel A of Table 15 reports the cross-sectional distribution of
t-statistics of liquidity timing coefficients for the overall bond
market and corresponding p-values at different percentiles from
the bootstrap analysis. For the all-bond fund group, the evidence
suggests that the top-liquidity timing funds (e.g., 90th to 99th)
are unlikely to be attributed to random chance. Specifically, for
the sample of all bond funds, the t-statistics of liquidity timing
coefficients at the 90th, 95th, and 99th percentiles are 2.69, 3.69,
and 5.54, respectively, with empirical p-values all close to zero. In
terms of subgroups of bond funds, the significant liquidity tim-
ing coefficients produced by the top percentile funds from 90th to
99th are not purely due to luck for the sample of diversified fund,
surviving, and non-surviving fund groups. However, the top per-
centiles of corporate bonds and high-yield bonds show liquidity
timing ability that is attributed to random sampling variation, as
the p-values associated with t-statistics of timing coefficients are
greater than 10% (with only the exception of the top 1% fund).

In Table 15, Panels B-D report the t-statistics and associated
p-values for the liquidity timing coefficients with respect to
investment grade, high-yield, and MBS factors, respectively. Our
bootstrap tests reveal three main features related to investment
grade, high-yield, and MBS sectors.

First, in terms of IG sector liquidity timing, the result provides
strong evidence that fund managers have positive liquidity timing
skills for the investment grade factor that is not due to luck. For
all bond funds, top percentiles (90th, 95th, and 99th) show con-
sistent and significant timing skills for investment grade factor as
t-statistics of their timing coefficients are significant at 5% level
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TABLE 15 | Bootstrap analysis of liquidity timing.
Panel A: Overall MKT timing
Group Percentile 1% 5% 10% 25% 50% 75% 90% 95% 99%
Corporate t-statistic -8.01 —5.55 —4.12 -2.40 -0.79 0.53 l.64 211 3.96
D 0.00 0.00 0.00 0.00 0.00 0.92 0.50 0.49 0.04
High-Yield t-statistic 0.00 —2.60 —-1.44 —0.31 0.33 0.86 1.32 1.61 4.75
p 0.93 0.05 0.93 1.00 0.02 0.53 0.98 1.00 0.00
Diversified t-statistic —6.84 —2.80 -1.63 —0.53 0.68 1.87 3.00 3.80 5.58
P 0.00 0.00 0.78 1.00 0.00 0.00 0.00 0.00 0.00
Non-survivor t-statistic —3.43 -1.72 -1.39 —-0.54 0.62 1.88 3.20 3.92 5.59
p 0.37 1.00 0.99 1.00 0.00 0.00 0.00 0.00 0.00
Survivor t-statistic —7.47 -3.76 —-2.52 —-0.72 0.44 1.38 2.33 3.16 5.27
p 0.00 0.00 0.00 0.99 0.00 0.00 0.00 0.00 0.00
All fund t-statistic —6.93 -3.07 -1.77 —0.57 0.51 1.55 2.69 3.69 5.54
p 0.00 0.00 0.15 1.00 0.00 0.00 0.00 0.00 0.00
Panel B: IG sector timing
Group Percentile 1% 5% 10% 25% 50% 75% 90% 95% 99%
Corporate t-statistic —4.41 -3.16 -2.17 -1.30 —-0.43 0.42 1.10 1.50 2.71
p 0.07 0.01 0.03 0.03 0.04 0.98 0.97 0.94 0.55
High-Yield t-statistic —-4.29 —2.22 -1.36 —0.47 0.37 1.36 2.08 2.55 3.88
p 0.04 0.22 0.91 1.00 0.00 0.00 0.01 0.02 0.02
Diversified t-statistic —4.21 —-2.47 -1.78 —0.89 0.16 1.16 2.20 2.99 4.20
p 0.00 0.00 0.06 0.36 0.02 0.00 0.00 0.00 0.00
Non-survivor t-statistic -3.72 -2.14 —1.46 —0.66 0.30 1.21 2.21 2.99 4.10
p 0.12 0.51 0.93 0.98 0.00 0.00 0.00 0.00 0.00
Survivor t-statistic —4.48 —2.54 -1.93 —0.94 0.06 1.04 2.05 2.64 4.08
p 0.00 0.00 0.00 0.11 0.43 0.01 0.00 0.00 0.00
All fund t-statistic —-4.19 —-2.47 -1.74 —0.87 0.16 1.16 2.17 2.82 4.09
p 0.00 0.00 0.07 0.43 0.01 0.00 0.00 0.00 0.00
Panel C: HY sector timing
Group Percentile 1% 5% 10% 25% 50% 75% 90% 95% 99%
Corporate t-statistic -2.13 —-1.66 —-1.20 —-0.26 1.05 2.30 3.91 4.68 7.14
p 0.96 0.95 0.97 1.00 0.00 0.00 0.00 0.00 0.00
High-Yield t-statistic —-2.92 -1.93 -1.57 —0.69 0.53 1.70 3.16 4.25 7.05
p 0.90 0.90 0.72 0.87 0.00 0.00 0.00 0.00 0.00
Diversified t-statistic —6.73 —4.08 —3.03 -1.67 —0.15 142 2.92 4.03 6.40
p 0.00 0.00 0.00 0.00 0.02 0.00 0.00 0.00 0.00
Non-survivor t-statistic —5.85 —3.62 —2.65 -1.63 -0.15 1.19 2.70 3.70 6.18
p 0.00 0.00 0.00 0.00 0.11 0.01 0.00 0.00 0.00
Survivor t-statistic —6.18 —3.66 —-2.34 -1.14 0.24 1.74 3.37 4.28 7.23
p 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
All fund t-statistic —-5.93 —3.62 —2.50 -1.35 0.07 1.54 3.14 4.14 6.98
p 0.00 0.00 0.00 0.00 0.21 0.00 0.00 0.00 0.00
Panel D: MBS sector timing
Group Percentile 1% 5% 10% 25% 50% 75% 90% 95% 99%
Corporate t-statistic -2.70 -1.83 -1.60 -0.70 0.07 0.77 1.78 2.44 3.07
p 0.72 0.85 0.59 0.81 0.73 0.57 0.18 0.09 0.25
High-Yield t-statistic —4.31 —2.67 —2.04 -1.41 —0.54 0.42 1.39 1.81 3.51
p 0.03 0.01 0.02 0.00 0.00 1.00 0.85 0.81 0.05
Diversified t-statistic -3.91 —2.60 -1.85 —0.83 0.06 1.09 2.16 2.98 4.26
p 0.00 0.00 0.01 0.74 0.41 0.00 0.00 0.00 0.00
Non-survivor t-statistic -3.97 —2.85 —2.06 —-0.97 —-0.16 0.83 1.87 2.54 3.76
p 0.03 0.00 0.00 0.18 0.08 0.60 0.02 0.01 0.02
Survivor t-statistic —4.00 —-2.41 -1.77 —0.92 —0.01 1.07 211 3.01 4.17
p 0.00 0.01 0.08 0.26 0.91 0.00 0.00 0.00 0.00
All fund t-statistic -3.81 —2.55 -1.87 —-0.93 —0.06 1.00 1.99 2.74 4.17
p 0.00 0.00 0.00 0.16 0.32 0.00 0.00 0.00 0.00

Note: This table presents the results of the bootstrap analysis using the liquidity timing models in Equations (3) and (5). We require funds to have at least 36 monthly observations to be included in the analysis. Results are provided for
corporate, high-yield, diversified, non-surviving, surviving, and all bond funds. For each fund group, the first row reports the sorted Newey-West t-statistics of the liquidity-timing coefficients, and the second row shows the corresponding

bootstrapped p-values.
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and associated bootstrap p-values are all less than 1%. This find-
ing holds for subgroups of non-surviving and surviving, diversi-
fied funds, and high-yield funds. For example, diversified funds
in the 90th, 95th, and 99th percentiles of the distribution of tim-
ing coefficients exhibit significant and positive t-statistics with
associated p-values close to zero. Top-ranked corporate funds do
not show liquidity timing ability due to skills, as the p-values
associated with the t-statistics of timing coefficients are greater
than 10%.

Second, for the HY sector liquidity timing, we find that top per-
centile funds (from 90th to 99th percentile) in the group of all
bond funds show positive and significant liquidity timing abil-
ities that are not purely due to luck. This pattern holds for
subgroups of corporate, high-yield, diversified, surviving, and
non-surviving bond funds. The evidence is stronger for cor-
porate bond funds, where the fund ranked at the 75th per-
centile still has significant t-statistics of 2.30 with bootstrapped
p-values close to zero. These findings are consistent with those
documented at the portfolio level in Section 4.2 and confirm
that fund managers successfully time market liquidity by over-
weighting the high-yield bond as corporate market liquidity
increases.

For the MBS sector, we are interested in the bottom percentile
of MBS sector liquidity timing coefficients, as we expect funds to
reduce their sensitivity to the MBS sector when corporate bond
market liquidity improves. There is evidence of significant nega-
tive MBS sector liquidity timing ability due to skills rather than
pure luck for the bottom percentiles from 1st to 10th. For all bond
funds, the bottom 1st-10th percentile funds have significant and
negative liquidity timing coefficients for the MBS factor. The asso-
ciated p-values for the t-statistics of MBS timing coefficients are
close to zero. This negative MBS timing pattern is observed across
all bond fund categories, except in the case of corporate bond
funds.

To address serial dependence in liquidity and returns, we imple-
ment a time-series block bootstrap with a block length of 6
months. Each block contains all funds observed over six consec-
utive months, ensuring that both serial correlation within funds
and cross-sectional dependence across funds are preserved. In
untabulated results, our findings remain unchanged.

Overall, our bootstrap analysis confirms the findings in
Section 5.1 that the top-ranked fund shows significant lig-
uidity timing skills at the individual fund level. The bootstrap
test shows strong evidence of significant market and sector
liquidity timing skills that are not due to sampling variation.

Our results thus give us strong support to claim that sector liquid-
ity timing skills are likely to be misidentified as market liquidity
timing skills in models that account only for the overall bond
market risk factor. This misidentification problem turns out to be
important but is ignored in previous studies (e.g., Chen et al. 2010;
Liet al. 2017).

6 | Persistence and Performance

6.1 | Persistence in Liquidity Timing Skills

In this section, we study the persistence of liquidity timing skills,
as true timing skills due to managerial skills should persist over
time (Chen et al. 2013). We examine whether fund managers
who have demonstrated substantial liquidity timing skills over
the past 3years continue to exhibit such skills in the subse-
quent periods. In order to accomplish this goal, we proceed in
four steps.

First, for each fund, we estimate its past liquidity timing coef-
ficients by running the liquidity timing models in Equation (3)
using the most recent 36-month returns. Second, we sort funds by
their past liquidity timing coefficients, assign them to decile port-
folios, and hold these portfolios for 12 months. The time series
of portfolio returns during the holding period is obtained. We
also calculate the return of the spread portfolio, which is the
difference in returns between the top and bottom decile portfo-
lios. Third, after holding the portfolio for 12 months, we reform
decile portfolios based on the most recent 3-year liquidity tim-
ing coefficients and calculate the holding period returns of these
decile portfolios. Finally, for each portfolio, the post-ranking
liquidity timing coefficient is estimated by running the corre-
sponding liquidity timing model over the full sample period.
To check the robustness of our results, we also form portfolios
using alternative holding periods, that is, 6-, 24-, and 36-month.
We follow the same procedure to estimate the post-ranking
liquidity timing coefficients with respect to investment grade,
high-yield, and MBS factors, using the liquidity timing model
in Equation (5).

Table 16 reports the results. As shown in the table, fund man-
agers exhibit strong persistence of HY sector liquidity timing
skills in Panel C, while they show no persistence of liquid-
ity timing for the MKT factor in Panel A. For example, when
funds are ranked based on their HY timing coefficients, the
post-ranking liquidity timing coefficient is increasing in magni-
tude from the bottom decile to the top decile portfolios. For all
holding periods, the HY liquidity timing coefficients for all top
portfolio and spread portfolios are statistically significant at the
1% level.

In Panels B and D, there is some evidence of liquidity timing
persistence with respect to IG and MBS factors. When funds
are ranked based on their liquidity timing coefficients for the
IG (MBS) factor, the post-ranking timing coefficients show an
increasing (decreasing) pattern from the bottom decile to the top
decile. However, we only find significant IG and MBS liquidity
timing coefficients at the 5% level for a short holding period (i.e.,
6 months).

Based on these persistence tests, we conclude that liquidity tim-
ing in the high-yield sector is more evident than in the investment
grade and MBS sectors. We do not find persistence of liquidity
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TABLE 16 | Persistence in liquidity timing skills.

6 months 12 months 24 months 36 months
Panel A: overall MKT timing

Coefficient  t-statistic = Coefficient t-statistic = Coefficient t-statistic = Coefficient t-statistic
Top -0.36 (-0.42) —-0.26 (-0.32) —0.08 (~0.10) 0.01 (0.01)
Bottom 0.19 (0.30) -0.14 (~0.25) -0.03 (~0.06) 0.12 (0.30)
T-B —0.55 (—0.38) -0.13 (-0.10) —0.05 (—0.04) -0.11 (-0.10)

Panel B: IG sector timing

Coefficient  t-statistic = Coefficient t-statistic = Coefficient t-statistic = Coefficient t-statistic
Top 3.85%#* (3.65) 0.45 (0.33) 1.76* 1.77) 1.36 (1.07)
Bottom -1.33 (—0.56) -0.55 (-0.28) —1.20 (-0.59) —-1.56 (—0.80)
T-B 5.18%* (2.24) 1.00 (0.53) 2.96* (1.67) 2.93 (1.59)

Panel C: HY sector timing

Coefficient  t-statistic  coefficient t-statistic = coefficient t-statistic  coefficient t-statistic
Top 1,39 (8.33) 1447 (7.18) 1.25%% (5.75) 1,228 (4.71)
Bottom -0.05 (=0.32) -0.07 (~0.70) 0.24%%% (2.68) 0.12 (0.86)
T-B 1.447%0% (8.16) 1,52k (6.27) 1.02%* (4.51) 1.10%* (3.95)

Panel D: MBS sector timing

Coefficient  t-statistic = Coefficient t-statistic = Coefficient t-statistic = Coefficient t-statistic
Top 2.08 (0.78) 1.10 (0.50) 1.86 (0.78) 2.30 (0.96)
Bottom —4.60%** (=2.74) 0.77 (0.47) -1.12 (—0.82) —-0.64 (-0.42)
T-B 6.69%* (2.07) 0.34 (0.14) 2.99 (1.25) 2.94 (1.23)

Note: For each fund, we estimate its past liquidity timing coefficient by running the liquidity timing model in Equation (3) using the most recent 36-month returns. We sort
funds by their past liquidity timing coefficients, assign them to decile portfolios, and hold these portfolios for 12 months. The time series of portfolio returns during the
holding period is obtained. We also calculate the return of the spread portfolio, which is the difference in returns between the top and bottom decile portfolios. After
holding the portfolios for 12 months, we reform decile portfolios based on the most recent 3-year liquidity timing coefficients and recalculate the holding period returns of
these decile portfolios. We repeat this process over the full sample period. Finally, for each portfolio, the post-ranking liquidity timing coefficient is estimated by running
the corresponding liquidity timing models over the whole sample period. To check the robustness of our results, we also form portfolios using alternative holding periods,
that is, 6-, 24-, and 36-month. We follow the same procedure to estimate the post-ranking liquidity timing coefficients with respect to investment grade, high-yield, and MBS
factors, using the liquidity timing model in Equation (5). ***, **, and * indicate statistical significance (two-tailed test) at the 1%, 5%, and 10% levels, respectively.

timing skills for the overall bond market. Overall, the persis-
tence evidence supports our main finding that sector-level liquid-
ity timing—especially in the high-yield sector—reflects genuine
managerial skill.

6.2 | Liquidity Timing Ability and Future Fund
Performance

It is natural to ask whether liquidity timing ability transfers
into superior performance. In this section, we examine whether
liquidity timing predicts the future risk-adjusted performance
of bond mutual funds. Using the decile portfolio returns from
Section 6.1, we are able to evaluate the out-of-sample perfor-
mance of bond funds sorted by their liquidity timing coefficients.
For each portfolio, we estimate its raw return and post-ranking
alpha by running the corresponding performance models in
Equations (1) and (4).

In Table 17, panels A-D report the raw returns and post-ranking
alphas for the decile portfolios based on the liquidity timing

coefficients with respect to the MKT, IG, HY, and MBS sectors,
respectively. We find little evidence of superior performance from
decile portfolios ranked by the MKT timing coefficient. How-
ever, there is some evidence of significant alphas for funds ranked
by liquidity timing coefficient for bond sectors in the short to
medium term, although not all holding periods generate statis-
tically significant results.

First, we find some evidence of positive and significant alphas
for portfolios sorted by IG liquidity timing coefficients. For a
6-month holding period, the alpha of the-top-minus bottom
spread portfolio is 0.16% per month (1.92% annually), which is
statistically significant at the 5% level. The top deciles have pos-
itive alpha (though not significant), while the bottom deciles
show negative alphas. Second, the funds with positive HY lig-
uidity timing ability outperform those with negative liquidity HY
timing ability. The alpha is statistically significant for the dif-
ference between the top and bottom decile (T-B) with a mag-
nitude of 0.11% per month (or 1.31% annually) and a t-statistic
of 1.86 when the holding period is 24 months. Finally, we also
find positive abnormal performance for decile portfolios ranked
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TABLE 17 | Liquidity timing and fund performance.

6 months 12 months 24 months 36 months
Panel A: MKT timing
Raw return Alpha Raw return Alpha Raw return Alpha Raw return Alpha
Top 0.39 -0.03 0.37 —0.05 0.33 -0.05 0.30 —0.08*
Bottom 0.37 0.03 0.37 0.04 0.33 0.00 0.31 —0.02
T-B 0.02 —0.06 0.00 —-0.10 0.00 —0.06 —-0.01 —0.06
(0.53) (-1.01) (—0.74) (-0.83)
Panel B: IG sector timing
Raw return Alpha Raw return Alpha Raw return Alpha Raw return Alpha
Top 0.49 0.08 0.43 0.04 0.35 —0.04 0.39 0.00
Bottom 0.27 -0.07 0.26 —0.04 0.26 —-0.03 0.21 —0.10**
T-B 0.23 0.16™* 0.17 0.08 0.09 -0.01 0.19 0.10
(2.57) (1.40) (~0.12) (1.40)
Panel C: HY sector timing
Raw return Alpha Raw return Alpha Raw return Alpha Raw return Alpha
Top 0.39 0.09 0.41 0.06 0.36 0.04 0.33 —0.05
Bottom 0.38 —0.02 0.32 —0.02 0.28 —0.08 0.28 —0.06
T-B 0.01 0.11 0.09 0.09 0.07 0.11* 0.05 0.01
(1.57) (1.18) (1.86) (0.19)
Panel D: MBS sector timing
Raw return Alpha Raw return Alpha Raw Return Alpha Raw return Alpha
Top 0.31 -0.07 0.30 —0.05 0.29 —0.04 0.20 —0.10**
Bottom 0.49 0.1 0.43 0.08 0.36 0.01 0.41 0.03
B-T 0.17 0.17** —-0.13 0.13* 0.07 0.06 0.21 0.13
(2.12) 1.79) (0.71) (1.63)

Note: For each fund, we estimate its past liquidity timing coefficient by running the liquidity timing models in Equation (3) using the most recent 36-month returns. We sort
funds by their past liquidity timing coefficients, assign them to decile portfolios, and hold these portfolios for 12 months. The time series of portfolio returns during the
holding period is obtained. We also calculate the return of the spread portfolio, which is the difference in returns between the top and bottom decile portfolios. After holding
the portfolios for 12 months, we reform the decile portfolios based on the most recent 3-year liquidity timing coefficients and recalculate the holding period returns of these
decile portfolios. We repeat this process over the full sample period. To check the robustness of our results, we also form portfolios using alternative holding periods, that is,
6-, 24-, and 36-month. We follow the same procedure to construct decile portfolios based on the liquidity timing coefficients with respect to investment grade, high-yield,
and MBS factors, using the liquidity timing model in Equation (5). Finally, for each portfolio and liquidity timing type, we estimate the post-ranking alpha by running the
corresponding liquidity timing models in Equations (1) and (4). ***, **, and * indicate statistical significance (two-tailed test) at the 1%, 5%, and 10% levels, respectively.

by MBS liquidity timing coefficients. Recall that we expect nega-
tive MBS liquidity ability. Funds with the negative liquidity MBS
timing ability outperform those with positive liquidity MBS tim-
ing coefficients. The spread portfolio (B-T) generates significant
alphas of 0.17% per month (2.04% annually) and 0.13% per month
(1.56% annually) for a 6-month and 12-month holding period,
respectively.

Collectively, the evidence suggests that funds with more sig-
nificant IG, HY, and MBS sector liquidity timing abilities

generate higher future risk-adjusted performance at least to
some extent. These results are both economically and statistically
significant.

6.3 | Liquidity Timing Ability and Fund
Characteristics

While we document positive liquidity timing ability at the indi-
vidual fund level, it remains unclear what kind of funds are
more likely to possess liquidity timing ability. In this section, we
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examine whether liquidity timing is associated with fund charac-
teristics. Answering this question would help investors identify
successful liquidity timers. To answer this question, we examine
the cross-sectional relationship between liquidity timing and the
following characteristics: age, size, net expense ratio, turnover
ratio, and flow. We first estimate the liquidity timing models in
Equations (3) and (5) and obtain the liquidity timing coefficient,
0, for all bond funds with a minimum of 36 monthly return obser-
vations. We then estimate the following cross-sectional regression
model using funds within each category:

¢, = a + bjAge, + b,Size, + byExpense, + b, Turnover, + bsFlow, + ¢,

(13)

where ¢, , is the liquidity timing coefficient for fund p under
timing strategy k, which includes aggregate market timing,
investment grade sector timing, high-yield sector timing, and
MBS sector timing. We define ¢ as the estimated timing coef-
ficient multiplied by a statistical significance indicator. Specifi-
cally, ¢ = 8- D, where D equals one if the corresponding coef-
ficient is statistically significant at the 10% level (t=1.645) and
zero otherwise. This construction ensures that only statisti-
cally reliable effects contribute to ¢. Age, represents the age
of fund p, and Size,, Expence,, Turnover,, and Flowp denote
the time-series averages of total net assets (TNA), net expense
ratio, turnover ratio, and fund flows for fund p, respectively.
All variables have been standardized to account for differences
in scale.

As shown in Table 18, first, we find a consistently positive and
statistically significant relationship between net expense ratios
and liquidity timing ability across all timing strategies, suggest-
ing that higher expense bond funds tend to exhibit stronger tim-
ing behaviour. This may reflect the greater costs associated with
active liquidity management. Second, fund flows and fund age
are negatively related to high-yield sector liquidity timing abil-
ity, indicating that liquidity timing skill may decline with larger
investor inflows or longer fund histories. Third, the evidence
on turnover is mixed: aggregate market liquidity timing ability
increases with fund turnover, whereas investment grade sector
liquidity timing ability decreases with turnover. Finally, we find
no significant relationship between fund size and liquidity timing
ability across any of the strategies.

7 | Further Robustness Tests

We further conduct additional analyses to ensure the robustness
of our results. In the following tests, we control for alternative
liquidity measures, additional risk factors, and alternative lig-
uidity timing specifications. To conserve space, these results are
reported in the Appendix S1.

7.1 | Alternative Liquidity Measures

Liquidity is difficult to observe, so our findings of liquidity timing
using the latent market liquidity factor may differ from a spe-
cific liquidity measure. We examine this question using alterna-
tive liquidity measures described in Section 3.2. We find broadly

similar evidence of liquidity timing across all alternative liquid-
ity measures. For example, for all liquidity measures (except for
Amihud liquidity measures), the liquidity timing coefficients for
portfolios of all bond funds are insignificant at the 5% level.
Among funds with different investment objectives, diversified
funds display the most significant liquidity-timing ability with
t-statistics greater than 2 for all liquidity measures. These results
are consistent with the results in Table 3 using the PCA to
measure market liquidity. Therefore, our results of liquidity
timing are not influenced by the use of a particular liquidity
measure.

7.2 | Control for Liquidity Risk Factor

Lin et al. (2011) show that liquidity risk plays a vital role in
describing bond returns. Our findings may be biased by omit-
ting a liquidity risk factor. To address this concern, we construct
the traded liquidity risk factor of Pastor and Stambaugh (2003),
measured as the return spread between the top and bottom
equally-weighted decile portfolios of bonds sorted on historical
liquidity betas. Specifically, at the end of each month t, we esti-
mate a bond’s sensitivity to innovations in aggregate liquidity,
that is, liquidity beta, by running the following regression using
the most recent 3 years of data.

Fig =0+ By I:m,l + 8, MKT, + ﬁhy,iHYt + Brmps MBS, + €,
(14)

where r,, denotes bond’s excess return, L, , is the innovation in
aggregate liquidity. We rank bonds according to estimated lig-
uidity betas, f, ;, across bonds and form equally weighted decile
portfolios based on rank. The monthly excess returns of these
portfolios over the next month are computed, after which we roll
the process by 1 month. To form the tradable portfolio, LIQ, we
long the top decile with high liquidity betas and short the bottom
decile with low liquidity betas.

We then employ the liquidity timing model of Equation (3) aug-
mented by a traded liquidity risk factor:

oo =+ B0 MKT, + 0, L, = T, )MKT, + o HY,

+ ﬂmbs,pMBSI + ﬁl,leQt + 617,1 (15)

Comparing the results with those in Table 3, we find that liquidity
timing results remain materially unchanged when the liquidity
risk factor is considered to explain bond mutual fund returns. The
liquidity timing coefficient of all bond funds remains insignifi-
cant after controlling for the liquidity risk factor. Besides, there
are no significant beta estimates on the liquidity risk factor in
explaining bond mutual fund returns. This finding is similar to
Cao, Simin, and Wang (2013), who find that the liquidity risk fac-
tor is insignificant in explaining equity fund returns. The results
indicate that adding liquidity risk is unlikely to substantially
affect the significance of liquidity timing coefficients.

7.3 | Alternative Timing Model

A particular timing specification might affect the results of liquid-
ity timing skills. As a further robustness test, we use alternative

24

International Journal of Finance & Economics, 2026

85UB017 SUOWILIOD 3AIER.D 3ol dde 3y} Aq paupA0b a8 S3oILe YO ‘BSN JO S3IN1 10} AfeIq ) 8UIIUO AB]IAA UO (SUORIPUOD-PUR-SWIBHLI0D" AB| 1M AReiq1BU1|UO//SONY) SUORIPUOD Pue sWwis | 8y} 835 *[9202/20/Tz] uo Ariqiauliuo /im “AiseAiun Aud uliana Ag 12202 2311/200T 0T/10p/wioo A im Azeiq 1 pul|uo//:sdny woiy papeojumoq ‘0 ‘8STTE60T



TABLE 18 | Cross-sectional regression of liquidity-timing coefficients on fund characteristics.
Intercept Age Size Expense Turnover Flow R?

[ 3 0.22%4* 0.02 0.01 0.03** 0.03** —0.03* 0.03
(14.31) (1.17) (0.65) (2.08) (2.29) (-1.65)

Pig 0.17%** 0.02 —0.01 0.04#+* —0.03** —0.01 0.03
(10.48) (1.12) (-0.09) (2.82) (—2.00) (-0.81)

Pry 0.21%** —0.10%** 0.01 0.11%** 0.04* —0.08*** 0.05
(8.50) (-3.54) (0.50) (4.45) (1.75) (-2.64)

Orbs 0.14%** 0.00 0.00 0.05%** —0.00 0.01 0.02
(9.56) (0.17) (0.18) (3.48) (-0.51) (0.39)

Note: This table reports the regression results of liquidity-timing coefficients on fund characteristics:
¢y, = a + b Age, + b,Size, + b;Expense, + by Turnover, + bsFlow, + ¢,

where ¢, , is the liquidity timing coefficient for fund p under timing strategy k, which includes aggregate market timing, investment-grade sector timing, high-yield sector
timing, and MBS sector timing. We define ¢ as the estimated timing coefficient multiplied by a statistical significance indicator. Specifically, ¢ = - D, where D equals one
if the corresponding coefficient is statistically significant at the 10% level (t =1.645) and zero otherwise. This construction ensures that only statistically reliable effects
contribute to ¢. Age, represents the age of fund p, and Size,, Expense,,, Turnover,, and Flow, denote the time-series averages of total net assets (TNA), net expense ratio,
turnover ratio, and fund flows for fund p, respectively. All variables have been standardized to account for differences in scale. ***, ** and * indicate statistical significance

(two-tailed test) at the 1%, 5%, and 10% levels, respectively.

timing specifications to test the liquidity timing skill:
oo = @+ 0%, MKT, + 6, max(L,, - L,,,0 ) MKT,
+ By p HY, + Props ;MBS, + €., (16)

where max denotes the maximum operator. This timing specifi-
cation is based on the market timing model developed by Hen-
riksson and Merton (1981), which provides an alternative way to
measure liquidity timing ability.

The result shows little evidence of liquidity timing for all groups
of bond mutual funds. Compared with the result in Table 3, the
significance of the liquidity timing coefficient for diversified bond
funds disappears. Overall, our result is highly consistent with the
results reported in Table 3.

7.4 | Robustness Tests for the Multi-Sector
Liquidity Timing Model

In unreported tables, we conduct all the robustness tests from
Sections 7.1 to 7.3 using the multi-sector liquidity timing model
in Equation (5). Overall, the result suggests that controlling for
alternative liquidity measures, alternative timing specifications,
and the liquidity risk factor does not materially affect the signifi-
cance of liquidity timing coefficients with respect to IG, HY, and
MBS factors. For brevity, these results are not reported but are
available upon request.

7.5 | Control for Additional Risk Factors

Bond funds’ returns are highly driven by interest rate risk
(duration) and credit risk exposure. To control for potential
omitted variable bias, we augment the bond fund model in

Equation (5) with those two factors, including fund interest risk
and credit risk.

oo = %+ Oy (L = T )16, + 04y, ( Ly = L, )HY,
+ O (Lmq, - Lm>MBS, + B, TG, + oy, HY,

+ ﬂmbs,pMBSt + ﬁir,pIRt + ﬁcr,pCRt + gp,)‘ (17)

where IR is the interest risk, which is calculated as the
term spread between 10-Year Treasury Constant Maturity and
3-Month Treasury Constant Maturity, and the CR is credit risk,
which is the ICE BofA US Corporate Index Option-Adjusted
Spread (OAS). All related data are obtained from the Federal
Reserve Bank of St. Louis.

After adding interest rate risk and credit risk factors into the
model, we still find positive and significant HY sector liquidity
timing for the portfolio of all bond funds and corporate bond
funds after controlling for interest risk and OAS spread. There-
fore, adding those two factors does not materially change our
conclusions.

7.6 | Control for Government Bond Market
Liquidity Timing

The purpose of this section is to examine whether bond funds
can jointly time movements in corporate and government bond
market liquidity. Our assumption is that bond fund managers
may monitor the movement of liquidity in these two markets and
use this information to adjust the underlying portfolio’s expo-
sure in their focused market, especially for diversified bond funds
that hold substantial amounts of both government and corporate
bonds.

To investigate whether bond funds jointly exploit the movements
in corporate and government bond market liquidity, we extend
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the liquidity timing model in Equation (3) to test bond fund man-
agers’ joint timing ability regarding the corporate bond market
and the government bond market. We hypothesize that bond
fund managers forecast the fixed-income market betas using
information on both corporate and government market liquidity
as follows:

Bup = PBpp + 0;,p<Lcm‘, - Z;) - ef;w(Lgmy, - Zi) (18)

where L€, , and L$,, , are measures of the corporate bond mar-
ket liquidity and government bond market liquidity in month
t, respectively. The manager’s 31gna1 is de- meaned by subtract-
ing the corresponding means, L and L > OVer the previous
36 months for ease of 1nterpretat10n The Lg s is measured as the
high-low spread for the on-the-run benchmark 10-year US Trea-
sury bond.

We substitute Equations (18) into (1) to time both corporate and
government bond liquidity:

oo =t + Al MKT, + 05, (L,

.
- = Ly JMKT,

—g
Lm>MKTt + By pHY, + Bris ) MBS, + £,
(19)

+ gﬁbp (Lin -

The coefficient n9° and 0g measure the liquidity timing abil-
ity for the corporate bond market and government bond mar-
ket, respectively. If the fund managers have joint timing skills,
both parameters O,fw and 6% » are expected to be positive and
significant.

From the results of Equation (19), we do not find evidence of joint
liquidity timing for all groups of bond funds. At the subgroup
level, our results suggest that only diversified bond funds have
significant positive liquidity timing for the corporate bond market
at the portfolio level. Interestingly, diversified bond funds do not
show government bond market liquidity timing skills, although
those funds hold a proportion of government bonds in their port-
folio. We also find that high-yield funds show positive and signif-
icant liquidity timing coefficients for the government bond mar-
ket, suggesting high-yield funds use market liquidity fluctuations
in government markets as input to adjust their exposure to the
overall bond market.

7.7 | Control for Market Return and Market
Volatility Timing

Bond mutual fund managers may also use other market infor-
mation for timing purposes, such as market return or market
volatility. It might be the case that funds successfully time market
returns or volatility, but such timing is reflected in the liquidity
timing coefficients. Therefore, market timing or volatility tim-
ing strategies may influence the significance of sector liquidity
timing coefficients. To explore this possibility, we examine liquid-
ity timing ability in the presence of market timing and volatil-
ity and express the market beta as a linear function of market
excess return, market volatility, and market liquidity. This leads
to the extension of the multi-sector liquidity timing model in
Equation (5) to the following model:

Ppo =+ By IG + B0 HY, + ) MBS,
0 ( Ly = T, ) 1G, + Aig TG + 1, Vo, = VI, ) IG,
+ ehy,,,(Lm, - Zm) HY, + hyny ,HY? + yhy’p<Volm,, -V, ) HY,

+ Ousg( Lg = Ly ) MBS, + Ay, M BS?

+ b (Vol,y, = Vol,, | MBS, +e,, (20)

where Vol,, , and Wm are the market volatility measure and its
time series mean, respectively. We calculate time-varying market
volatility as the realized market volatility following Busse (1999),
which is the standard deviation of daily de-meaned excess mar-
ket returns within month ¢. To keep consistent, we use the average
volatility estimate over the previous 36 months as a proxy for the
mean of volatility. The coefficients 4 and y measure market tim-
ing and volatility timing, respectively.

We find several interesting patterns after controlling for mar-
ket return and market volatility timing. First, consistent with
traditional timing literature, the market timing coefficients are
either insignificant or significantly negative, suggesting no evi-
dence of market timing at the portfolio level. Second, we find
evidence of volatility timing for the diversified bond funds, where
the volatility-timing coefficient for the investment grade sector,
Vig,p» are significant at the 1% level. Lastly, we find that including
market timing and volatility timing does not materially affect the
significance of the liquidity timing coefficients. Comparing the
results reported in Table 4, we can see that after controlling for
market timing and volatility timing, the HY liquidity timing coef-
ficients, 6y, ,, are still significant for the groups of all bond funds
and corporate bond funds, although their t-statistics are smaller.
We also find that high-yield bond funds demonstrate liquidity
timing for the high-yield sector at the 1% level after controlling
for return and volatility timing, which is not observed in Table 4.

These results indicate that the significance of liquidity timing is
not due to the correlation between market returns (or volatil-
ity) and liquidity. Liquidity timing is therefore an important
component of strategies of actively managed bond mutual fund
strategies.

7.8 | Control for Coskewness Risk Factor

Bond return distributions are non-normal. Therefore, a
mean-variance framework is not sufficient to fully characterize
bond returns and their associated risks, and a higher-moment
framework should be considered. Moreover, Chiang (2016)
shows that coskewness is priced and plays an important role in
bond asset allocation. To avoid potential omitted variable bias, we
introduce a sector-level liquidity timing model that incorporates
a coskewness risk factor.

Foi = 0+ Oy (L = T )16, + 61y, (L, = T, ) HY,
+ ambs,p <Lm,r - ZM)MBS,

+ Bigp1G, + Pug ) HY, + Bros ;M BS, + sy, ,CSW, + ¢,
1)
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where CSW, is the coskewness risk factor. To construct the
coskewness risk factor, we follow Adesi et al. (2004) and Chi-
ang (2016) by running a regression of asset excess returns on
the market excess return and its squared term. The slope coef-
ficients from this regression are interpreted as the asset’s mar-
ket beta and coskewness, respectively. This coskewness measure
is easy to estimate and straightforward to interpret: when mar-
ket skewness increases, assets with positive coskewness become
more attractive because they provide a hedge against adverse
movements in the market index. To obtain time-varying coskew-
ness for each bond, we estimate the regression recursively using
a rolling window of 60 months. Bonds are ranked according to
their estimated coskewness, and equally weighted quintile port-
folios are formed based on these rankings. The monthly excess
return of the portfolios over the next month is computed, after
which we roll forward the process by 1 month. To construct the
coskewness risk portfolio (CSW), we take a long position in the
highest-coskewness quintile (Quintile 1) and a short position in
the lowest-coskewness quintile (Quintile 5).

After adding the coskewness risk factor, we find that high-yield
sector liquidity timing ability remains statistically significant for
portfolios of all bond funds. At the fund-category level, corporate
bond funds and high-yield bond funds exhibit stronger high-yield
sector liquidity timing ability. Overall, our results remain robust
after controlling for coskewness risk.

8 | Conclusion

In this paper, we examine the liquidity timing ability of bond
mutual funds. This study is the first to investigate the bond fund
market liquidity timing performance using intraday data from
the TRACE database to measure corporate bond market liquid-
ity. We use four common liquidity proxies that have been shown
to be accurate estimators of corporate bond liquidity and apply
the PCA to extract the latent liquidity factor from these liquidity
proxies to represent the market-wide liquidity.

Our portfolio-level analysis reveals that US bond mutual fund
managers as a group demonstrate sector-level liquidity timing
skills. This sector liquidity timing strategy is achieved by tilt-
ing their portfolio towards high-yield bonds prior to periods of
high (low) liquidity in the corporate bond market. These find-
ings highlight sector liquidity timing as an important channel
through which bond fund managers add value, complement-
ing the evidence in Huang et al. (2025), which documents that
a subset of U.S. bond mutual fund managers exhibits manage-
rial skill. Our paper demonstrates that ignoring the sector-level
liquidity timing may lead to incomplete or misleading infer-
ences. Hence, we emphasize the importance of integrated liquid-
ity timing models that incorporate sector-specific liquidity timing
abilities.

We also analyse the liquidity timing performance of bond mutual
funds at the individual fund level. Apart from high-yield liquid-
ity timing skills, the results suggest that a subset of bond funds
demonstrates liquidity timing skills with respect to the overall
market, investment-grade, and MBS factors. Moreover, the boot-
strap test shows that these liquidity timing skills are not purely

due to luck. We also find that funds with high net expense ratios
are more likely to exhibit these liquidity timing skills.

Finally, we examine whether the liquidity timing skills per-
sist over time. Our results reveal persistence in liquidity tim-
ing skills for all risk factors, which motivates a further explo-
ration of the out-of-sample performance of portfolios sorted
by liquidity timing coefficients. We find partial evidence that
past fund liquidity timing performance predicts future perfor-
mance. Funds that report strong (weak) liquidity timing perfor-
mance tend to earn positive (negative) abnormal returns sub-
sequently, although these effects are not uniformly statistically
significant.

To sum up, our findings highlight the value of active fund man-
agement for both academics and practitioners. For the former,
our results add to the liquidity timing literature by providing new
evidence of the sector liquidity timing ability of bond mutual
funds. For the latter, we show that bond funds consistently time
the market liquidity and adjust exposure to high-yield bonds, and
this strategy helps predict future fund performance, which pro-
vides new insights into active bond fund management.
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Endnotes

L As of year-end 2024, the total net assets of taxable bond funds were
around 4.27 trillion dollars, while municipal bond funds were about
0.80 trillion.

2Morningstar reports a fund’s base currency in which it holds assets, cal-
culates performance, and prepares financial reports. A fund may have
multiple share classes offering exposure in different currencies; accord-
ingly, Morningstar reports net asset values and returns for each share
class in its respective base currency.

3Wharton Research Data Services (WRDS) was used in accessing the
TRACE data. This service and the data available thereon constitute
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valuable intellectual property and trade secrets of WRDS and/or its
third-party suppliers.

“Dick-Nielsen (2009) suggests that the Amihud (2002) measure will be
biased downwards if the agency trades are not removed.

>The monthly high-low spread is calculated directly using daily high and
low prices. See Appendix S1 for details.

©We omit the time subscript 7 on # for notational simplicity in the paper.

"We keep using Newey and West (1987) t-statistic with 2 lags in the fol-
lowing liquidity timing analysis.

8Because dealers began reporting net positions in investment-grade and
high-yield bonds only in March 2013, our regressions are based on data
from March 2013 to September 2021. Given the relatively short sam-
ple period, we do not report equal-weighted portfolios of surviving and
non-surviving funds.

°Due to the lack of net asset value data for non-surviving funds, we
do not report the result for value-weighted portfolios of surviving and
non-surviving funds.

'9In detail, for the sector timing model, B, = Big,—1 + Vig s Buys = Buys—1 +
Vhy,r’ ﬁmbs,r = ﬂmbs,t—l + Vmbs,t'

1'We measure liquidity innovations as the residuals from regressing mar-
ket liquidity on its own two lags, changes in OAS, the bond market
return, and the VIX index.

12We only control the false positive using the Benjamini and
Hochberg (1995) method. To avoid the complexity, we do not use
bootstrap p-values to control for the role of luck in the false discovery
rate setting, such as Barras et al. (2010).
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