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Abstract
We find strong evidence that investor diversity is beneficial to loan liquidity: More diverse
syndicates, as measured by the number of investor-types or the concentration of loan shares
by investor-type, hold loans that have lower quoted bid-ask spreads in the secondary market.
These results are robust, and do not appear to be driven by investors’ borrower/loan selec-
tion. Further, they are not driven by the presence of any particular type of investors. Our
findings are consistent with Goldstein and Yang (J Financ 70:1723–1765 2015) insight that
there is a strategic complementarity between different groups in trading on their information
and producing information.

Keywords Loan syndicate · Investor diversity · Loan market liquidity ·
Loan bid-ask spreads · Informed investors

JEL Classification G14 · G21 · G22 · G23

1 Introduction

The literature on the liquidity effects of securities’ ownership structure has focused almost
entirely on the role of informed investors in the stock and the bond markets.1 In this paper,
we consider the secondary loan market and capitalize on our knowledge about the port-
folio of loan owners to investigate the importance of investor diversity for loan liquidity.

1For example, Chiang and Venkatesh (1988), Sarin et al. (2000) and Dennis and Weston (2001) study the
impact of informed investors on stocks’ bid-ask spreads while Kedia and Zhou (2009) investigate whether
informed investors affect bond liquidity.
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Goldstein and Yang (2015) predict that when uncertainty about security prices is multidi-
mensional and different types of investors specialize in acquiring information about each
dimension of the uncertainty, aggressive trading on the information produced by one type
of investors would reduce the uncertainty faced by the other types of investors, thereby
encouraging them to trade more and produce more information. In other words, there is a
strategic complementarity between different investor groups in trading on their information
and producing information. We aim to empirically test this hypothesis in the context of the
secondary loan market.

The secondary loan market provides a good setting to examine the impact of investor
diversity on liquidity because, besides banks, a variety of nonbank institutional investors
actively trade in this market. In the last three decades, the secondary loan market evolved
from an inactive market, where its dominant investors, banks, traded on occasion, to an
active market with a large and diversified presence of nonbank institutional investors includ-
ing CLOs, loan mutual funds, hedge funds, pension funds, insurance companies, finance
companies, brokers, and private equity firms (Bord and Santos 2012). According to the Loan
Syndication Trading Association (LSTA), the U.S. secondary loan market trading volume
increased from $8 billion in 1991 to $743 billion in 2019, representing a compound annual
growth rate of 28.5%. Several studies, including Massoud et al. (2009), Ivashina and Sun
(2011) and Bushman et al. (2011), have documented that nonbank institutional investors
use private information obtained from participating in syndicated loans to trade in other
markets. It is likely that they also use that information to trade in the secondary loan market.

Gurley and Shaw (1955) highlights the important role of nonbank financial institutions in
the economic development and points out that these institutions compete among themselves
and with banks, in funding firms’ external capital needs and that each type of them provides
distinctive financial services. Competition incentivizes different types of financial institu-
tions to develop a unique business model and a distinctive competence by specializing in a
particular market segment and/or financial product. One example of institutional specializa-
tion is documented in Carey et al. (1998), which shows that finance companies complement
banks in corporate lending through funding riskier borrowers.2 Another example are the
hedge funds which appear to be capable of obtaining/generating private information about
the firms they invest in (e.g., Massoud et al. 2009; Agarwal et al. 2013; Jiao et al. 2016). It
is also well established that different types of financial institutions follow different invest-
ment strategies and styles. For example, Fung and Hsieh (1997) show that, different from
mutual funds, hedge funds use highly dynamic investment strategies. Assuming that finan-
cial institutions take advantage of their specialized knowledge to produce information about
borrowing firms, then institutional diversity within a loan syndicate could proxy for infor-
mation diversity. Further, if information diversity engenders strategic complementarities in
trading and information acquisition as predicted by Goldstein and Yang (2015), then loans
owned by more diverse types of investors should be more liquid.3

Up to now, data limitations precluded researchers from investigating issues related to
the ownership structure of loans. The secondary loan market pricing data jointly provided

2Relatedly, Gopal and Schnabl (2021) documents that the upsurge of small business lending by finance
companies and FinTech lenders made up for the decrease in bank lending after the 2008 financial crisis.
3Investor diversity may matter for other reasons. For example, Hong and Page (2004) show that diverse
problem-solving teams outperform homogeneous teams because they benefit from different backgrounds,
ideas, and experiences of their members. Levine et al. (2014) find that, in a diverse market, traders are more
likely to scrutinize the other traders’ behavior instead of placing greater confidence in the actions of the other
traders and mimicking them, leading to more accurate pricing.
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by LSTA and LPC (the Thomson Reuters Loan Pricing Corporation) does not report infor-
mation on trading volume or buyers’ and sellers’ identity for confidentiality reasons. LPC
DealScan, the other main data source on the syndicated loan market, reports information on
the identity of loans’ owners, but only at the time of the loan origination and, even then,
the information it reports on investors’ loan shares is very sparse.4 The Shared National
Credit (SNC) program allows us to overcome these limitations. The program, which was
established in 1977, covers syndicated loans of $20 million or more that are held by three
or more supervised institutions. The SNC program is useful to investigate issues related to
loans’ ownership because it collects information, both at the time of the loan origination
and at the end of each calendar year, on the identity of all loan investors and on their loan
shares. We draw on the SNC data and the growing presence of nonbank institutions among
loan investors to investigate to what extent diversity among investor types plays a role on
the loan liquidity in the secondary market.

We focus on the diversity of types of investors as defined by their business model (i.e.
banks, insurance companies, CLOs, hedge funds, mutual funds, pension funds, etc.) because
the specialization of each type of institutions arguably allows them to produce unique infor-
mation. We consider two proxies for investor diversity – the number of different types of
loan investors and the Herfindahl-Hirschman index of the investor-types’ loan shares. These
two measures capture different but related aspects of investor diversity. They are both driven
by differences in investors’ specialization, with the second one accounting for the loan
shares that each type of investors owns. We measure loan liquidity by its bid-ask spread, a
widely used measure of liquidity in financial markets.5

Our results reveal that investor diversity is an important determinant of loan bid-ask
spreads. Specifically, our baseline loan bid-ask spread regressions show that more diverse
syndicates, as measured by the number of investor-types or the concentration of loan shares
by investor-type, hold loans that have lower quoted bid-ask spreads in the secondary mar-
ket. A one-standard deviation increase in the number of investor types is associated with a
decrease of 12 bps in the loan bid-ask spread (representing a 8.7% decrease in the sample
mean bid-ask spread). A one-standard deviation decrease in the concentration of investor
types’ loan shares is associated with a decrease of 4 bps in the loan bid-ask spread (rep-
resenting a 2.9% decrease in the sample mean bid-ask spread). These results support the
insight that information diversity among investors, as driven by (or at least partially driven
by) their distinct business models, is beneficial to loan liquidity.

If different types of investors develop unique information about the firms they invest in,
then we would expect the effect of investor diversity on loan liquidity to be more preva-
lent among informationaly opaque borrowers. Indeed, taking a closer look at borrowers’
information opacity, identified based on whether the borrower has a credit rating or a bond
that trades in the secondary market, we find that investors’ diversity brings a higher liquid-
ity benefit for loans of more informationaly opaque borrowers. In addition, we conduct a
series of robustness tests to address the endogeneity concerns that our baseline results could
be driven by investors’ borrowers/loan selections. Specifically, we show that our results

4For example, information on the lead bank share is missing for more than half of DealScan credits and
information on the shares of syndicate participants is even more sparse.
5See, for example, Demsetz (1968), Tinic (1972), Stoll (1978 and 1989), Copeland and Galai (1983), Glosten
and Milgrom (1985), Kyle (1985), Easley and O’Hara (1987).
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continue to hold when we restrict our sample to an homogeneous set of loans; when we
include loan fixed effects; and when we control for borrower-year fixed effects.

Lastly but importantly, we show that the effect of investors’ diversity is not driven by the
presence of any particular type of investors, consistent with the idea that the joint presence of
distinct investor types fosters trading and loan liquidity. Our results show that the coefficient
estimates on our two information diversity variables remain statistically significant with a
consistent sign when we account for the relative importance of each type of investors owning
the loan through controlling for either the number of investors in each investor type or the
loan shares held by each investor type. These results are consistent with the central theme
of Goldstein and Yang’s model (2015) that the joint presence of diverse investor types (i.e.
information diversity) matters for loan liquidity.

Our paper empirically tests the trading complementarity hypothesis and provides new
insights into the role of securities’ ownership on their liquidity. The impact of stocks’/bonds’
ownership structure on their liquidity has been extensively examined, but this research has
almost exclusively focused on the liquidity effects of the presence of informed investors.6

Researchers have not yet considered other aspects of securities’ ownership effect on their
liquidity, possibly because the complete information on stocks’ or bonds’ ultimate owners
is not readily available. In contrast, our information on the dynamic changes of the entire
loan ownership structures provide us a unique opportunity to expand this literature by inves-
tigating the liquidity effects from a new perspective – the effect of investors’ information
diversity as driven by their distinctive business models and specializations.

Our paper also adds to the literature on loan liquidity in the secondary loan market.
This literature has focused on issues other than the impact of the ownership structure on
the loan liquidity. For example, Bhasin and Carey (1999) and Wittenberg-Moerman (2008)
investigate how different loan-specific features affect the loan liquidity while Gupta et al.
(2008), Nigro and Santos (2009), and Kamstra et al. (2014) investigate the interplay between
liquidity in the secondary loan market and interest rates in the primary market.

The remainder of the paper is organized as follows. Section 2 presents our methodology,
our data sources, and characterizes our sample. Section 3 presents our baseline results of the
impact of investor diversity on loan liquidity. Section 4 presents the results of our robustness
tests. Section 5 concludes the paper with some final remarks.

2 Methodology, data and sample characterizations

We begin in this section with a presentation of the methodology we use to investigate
whether investor diversity impacts the loan liquidity in the secondary market. This is
followed by a presentation of our data sources and a characterization of our sample.

6Copeland and Galai (1983) and Glosten and Milgrom (1985) suggest that the presence of informed traders
imposes adverse selection costs on other traders, leading to a reduction in liquidity. Admati and Pfleiderer
(1988) and Holden and Subrahmanyam (1992), in contrast, show that when multiple informed investors of
a security compete with each other, the speed of the price discovery increases, leading to higher liquidity.
Manconi and Massa (2009) and Han and Zhou (2014) empirically study the role of informed investors on
bond liquidity, a number of other papers examine the impact of informed investors on stock liquidity (e.g.
Chiang and Venkatesh 1988; Sarin et al. 2000; Dennis and Weston 2001; Easley and O’Hara 1987; Glosten
and Harris 1988; Lee et al. 1993; Kavajecz 1999; Liu 2013; Blume and Keim 2012 .
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2.1 Methodology

Our methodology builds on the following model of loans’ bid-ask spreads:

BID − ASKl,b,t = αDIV ERSIT Yl,b,t−1 + βSYNDICAT El,b,t−1

+ γLOANl,b,t + λBORROWERl,b,t−1 + T imet + εl,b. (1)

BID −ASK is the mean bid-ask spread on borrower b’s loan l over the year t. We measure
this spread over the year because our information on loan investors is as of the year end.
This is our measure of loan liquidity.7

The key variable of interest in Eq. 1 is DIV ERSIT Y . This variable attempts to capture
the diversity of types of investors that own the loan. We expect diverse syndicates to con-
tribute to loan liquidity. Investor diversity indicates differences in investors’ business model
and specialization, which allow them to generate different information on the value of the
loan and thus trigger trading. Further, if as we conjectured in the introduction informa-
tion diversity engenders strategic complementarities in trading and information acquisition
among investors, then we would expect investor diversity to be associated with higher loan
liquidity.

We use two different, but complementary measures of loan investor diversity. The first
measure is the number of different types of investors, T YPES, such as banks, CLOs,
finance companies, loan mutual funds, hedge funds and pension funds, brokers, and insur-
ance companies. The second measure is the Herfindahl-Hirschman index of the sum of the
squared loan shares that each lender type owns, HHI . While the first measure focuses on
the types of investors without accounting for their loan investments, the second measure
gauges the degree of concentration of investor-type shares. If investor diversity matters, then
we should find that loans held by more investor types and loans held by less concentrated
syndicates in terms of investor-type shares to have a lower average bid-ask spread in the
secondary market.

We attempt to identify the impact of investor diversity on loan liquidity controlling for
a set of variables suggested by the literature on securities’ liquidity, which we discuss next.
We start by discussing our syndicate-specific controls, SYNDICAT E. We control for the
share of the loan the arranger retains, ARRANGERSH, for two reasons. First, the size
of arranger’s exposure to the loan will likely influence its incentives to gather borrower-
specific information, and available theories suggest that the presence of informed investors
can affect securities’ liquidity. Copeland and Galai (1983) and Glosten andMilgrom (1985),
for example, show that the presence of information-motivated traders imposes adverse selec-
tion costs on dealers and other non-information motivated traders, driving up securities’
bid-ask spreads and lowering their liquidity. Admati and Pfleiderer (1988) and Holden and
Subrahmanyam (1992), in contrast, show that when multiple informed investors compete
with each other, and especially when there is a large uninformed investor base, the speed
of the price discovery increases, lowering securities’ bid-ask spreads and increasing their
liquidity. Second, sometimes the arranger of the loan also acts as a dealer for the loan.

7Theories of the bid-ask spread posit that the quoted spread accounts for three forms of transaction costs
faced by dealers (order processing costs, inventory costs, and information costs) which vary inversely with
the liquidity of security. It is believed that the size of the order flow and frequent trading activities reduce the
fixed costs of trading (Demsetz 1968). Similarly, the ease with which a dealer can either acquire a security
or dispose of it will lower its inventory costs. See Tinic (1972), Stoll (1978 and 1989), Copeland and Galai
(1983), Glosten and Milgrom (1985), Kyle (1985) and Easley and O’Hara (1987) for theories of bid-ask
spreads.
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Therefore, the arranger will need to retain a portion of the loan to act as market maker in
which case it will also affect loan liquidity in the secondary market.

We control for the number of top loan dealers, DEALERS, that are among the loan
investors. We opt for controlling for this variable because we expect the number of dealers
with a stake in the loan to be more informative than the often used number of dealer quotes
in LSTA/LPC database (Wittenberg-Moerman 2008; Nigro and Santos 2009).8 However, in
the robustness tests we investigate what happens when we control instead for QUOT ES,

the daily average number of dealer quotes a loan received over the past year. In another
test, we control for T RADING, the total number of trading days with price changes (i.e.,
today’s quote price minus yesterday’s quote price is not equal to zero) over the past year.

Next, we discuss our set of loan-specific controls, LOAN . We restrict our analysis to
term loans. Nonbank lenders rarely appear in the syndicates of credit lines (Bord and San-
tos 2012), consistent with Holmstrom and Tirole (1997) and Kashyap et al. (2002) insight
that banks are better positioned than non-bank lenders to provide liquidity to corporations.
Also, only a small number of credit lines trade in the secondary loan market. Following
Stoll’s (1978) and Ho and Stoll (1981) insight that dealers’ inventory costs are higher for
riskier securities, and Bhasin and Carey (1999) and Wittenberg-Moerman (2008) evidence
that riskier loans have higher bid-ask spreads, we control for the risk of the loan as deter-
mined by its arranger’s loan rating. Banks rate loans by assigning a portion of the loan
into five categories: pass, PASS, special mention, SPECIALMENT ION, substandard,
SUBST ANDARD, doubtful, DOUBT FULL, and loss, LOSS. We complement these
ratings with a set of dummy variables to account for the credit rating of the borrower.

Additionally, we distinguish term loans of type A, T LOANA, from those of type B,
T LOANB, and those of type C, T LOANC, since these loans have different features and
target different investors. For example, term loans A typically amortize evenly over 5 to 7
years. These loans are normally syndicated to banks along with revolving credits as part of
a deal. Term loans B and C include second-lien loans and covenant-lite loans. They came
into broad usage during the mid-1990s as nonbank institutional loan investor base grew.
They usually involve a large bullet payment in the last year, allowing borrowers to defer
repayment of a large portion of the loan. In the robustness tests, we further control for the
lagged average price of the loan as quoted by dealers, PRICE, and the volatility of the
loan price, PRICEV OL. While riskier loans will carry lower price and will also likely
have more volatile prices, these variables may also be driven by the liquidity of the loan. It
is for this reason that we only use them in our robustness tests.

We control for the size of the loan, LAMOUNT, the log of the loan amount. Larger
loans are likely to attract more investors, and “safer” borrowers usually take out larger loans.
Demsetz (1968) argues that the size of the order flow reduces dealers’ fixed costs of trading,
andWittenberg-Moerman (2008) finds that larger loans have lower bid-ask spreads. Further,
we control for the number of years left until the loan reaches its maturity, MAT LEFT,

because liquidity likely decreases with the age of the loan. In the robustness tests, we allow
for potential nonlinear effects of the loan age by including a dummy variable to isolate the
first two years of the loan, AT ORIGINAT ION, and a dummy variable to isolate the last
two years before maturity, AT MAT URIT Y . Loans are likely to be most liquid in the early

8While we are able to identify the presence of major dealers among the loan investors, we are unable to
determine whether each one of them acts as a market maker for most of our loans.
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years after origination, and their liquidity likely declines significantly as they approach the
maturity date. For example, the bond literature documents that the age of a bond is inversely
related to its liquidity. Sarig and Warga (1989) point out that bonds tend to be traded less
and less over time as they are absorbed in the investors’ inactive buy-and-hold portfolios.

Lastly, we use a set of dummy variables to account for the purpose of a loan as dif-
ferent investors may specialize on loans taken out for different purposes. We distinguish
loans for working capital, WORKCAP, mergers and acquisitions, M&A, recapitaliza-
tion, RECAP, capital expenditures, CAPEXP, project finance, PROJFIN, and debt
repayment, DEBPREPAY .

Our next set of controls accounts for borrower-specific factors, BORROWER. As we
mentioned above, we use a set of dummy variables to account for the credit rating of the
borrower. In contrast to our bank loan ratings, which cover all loans in our sample, only a
subset of borrowers has a credit rating. However, firm credit ratings may still be informative
because they are more granular than bank loan ratings. In addition, we use a set of dummy
variables to account for the borrower’s main sector of activity as defined by 1-digit SIC code
because investors may have preferences for different sectors of activities. We do not control
for other borrower-specific variables because this would force us to rely on publicly listed
borrowers and would reduce our sample significantly. As we will argue below, the absence
of these controls is not critical for our attempt to investigate the impact of investor diversity
on liquidity.

Finally, we include year fixed effects to absorb time heterogeneity at the yearly level,
which is the frequency of our loan ownership data. The robust standard errors are all
clustered at the borrower level in our regressions.

2.1.1 Accounting for loan ownership endogeneity

A potential concern with the methodology described so far is that it does not account for the
endogeneity of investors’ investment decisions. For example, it is possible that the liquidity
effect of investor diversity does not derive from the presence of different investor types, but
is instead a result of investors’ borrower/loan selection decisions.

To reduce concerns with this problem, we carry out a set of robustness tests. In one test,
we restrict the sample to a subset of homogeneous loans. In another test, we include loan
fixed effects. Yet in a third test, we take advantage of the borrowers in our sample with
multiple outstanding loans trading in the secondary market at the same time, and estimate
our model with borrower-year fixed effects. To the extent that investors’ selection decisions
are driven by borrower-specific factors, this test will account for those factors. That test will
also alleviate any concerns with omitted borrower specific controls in our regressions.

2.1.2 Identifying the effect of loan ownership diversity

Another potential concern with our methodology is whether it identifies the effect of
investor diversity. Even though we use two different measures of investor diversity, one may
wonder whether a particular type of investors alone could drive our findings. To address this
concern, we reestimate our model controlling for the share of the loan held by each investor
type or the number of individual investors in each investor type. If a particular investor type
were to drive our findings, then adding these controls should capture that effect and make
our measures of investor diversity insignificant.
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2.2 Data sources

The main data sources for this paper are the Mark-to-Market Loan Pricing Service jointly
offered by the Loan Syndication Trading Association (LSTA) and Thomson Reuters Loan
Pricing Corporation (LPC), and the Shared National Credit (SNC) Program run by the
Federal Deposit Insurance Corporation, the Federal Reserve Board, and the Office of the
Comptroller of the Currency.

Under an LSTA license, the LPC started to facilitate the daily mark-to-market process
between loan dealers and investors through the creation of the LSTA/LPC Mark-to-Market
Pricing Service in June of 1998.9 The LPC/LSTA data provides information on the loan
identifier (i.e., LIN number), bid and ask prices, and the number of dealers (i.e., the number
of quotes) for each loan that is available to be traded on the market on a daily basis. The
bid/ask prices are the average prices reported to the LPC by all the trading desks at institu-
tions that make the market for the loan. Loan prices are quoted as a percentage of par. We
use LSTA/LPC data to identify loans that trade in the secondary market and to get the daily
bid and ask prices as well as the number of dealers offering quotes on each loan.

Since LSTA/LPC data does not contain information on loan investors, we use the SNC
database to identify the portfolio of investors for each loan. The SNC program gathers con-
fidential information on syndicated loans that exceed $20 million and are held by three or
more federally supervised institutions at the end of the year. The program reports the iden-
tity of the borrower, the type of credit (e.g., term loan, credit line), its purpose (e.g., working
capital, mergers and acquisitions), the outstanding amount, the origination and maturity
dates, and the internal bank rating. In addition, the program reports information on the lead
arranger and syndicate participants, including the share of the credit that they hold. We use
this information to identify the portfolio of loan investors for each loan and track how this
portfolio changes during the life of the loan.

We complement the SNC data with information from Moody’s Structured Finance
Default Risk Service Database, the Intex Agency CDO deal library, and Standard and Poor’s
Capital IQ. We use Moody’s and Intex’s databases to identify CLOs among the syndicate
participants reported in the SNC program, and the Capital IQ database to identify private
equity firms, hedge funds, and mutual funds among the syndicate participants. We also use
Capital IQ database to gather credit rating information on borrowers with trading loans.

2.3 Sample characterization

To build our sample, we start out with all term loans with market data in the LSTA/LPC
database over the 1998-2014 time period. We leave out credit lines because they are domi-
nated by banks and only a reduced number of them trade in the secondary market. Next, we
merge these loans with data from the SNC program to get information on their characteris-
tics, their investors, and investors’ loan shares in each year. This leaves us with a sample of
3,044 loans from 1,805 corporations for a total of 6,084 loan-year observations. 751 of the
corporations in our sample have at least two loans throughout the sample period. This set of
firms, in particular the 497 of them which have more than one loan trading at a given year,
is useful for our investigation — they allow us to isolate the effect of investors’ loan own-
ership on loan liquidity from the effect of investors’ (firm) investment selection. These 497
firms account for 1,201 of our 3,044 loans and 2,334 of the 6,084 loan-year observations.

9Before 1998, there was no mark-to-market service available to the loan buyers (Marsh 2017).
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Fig. 1 Investor diversity and loan liquidity. This figure plots the loan bid-ask spread against our measures of
investor diversity, T YPES, and HHI

Figure 1 plots the loan bid-ask spread against our two measures of investor diversity. In
line with our expectation, this figure suggests that investor diversity improves loan liquidity.
Loans with more types of investors and loans with a lower investor-type concentration have
on average lower bid-ask spreads.

Table 1 characterizes our sample by comparing the 3,482 loan-year observations for loans
with a number of investor types below the sample median of 6 (i.e. low investor type group)
with the 2,602 loan-year observations for loans that have a number of investor types above
the median (i.e., high investor type group). Panel A compares our loans for the secondary
market variables we use in our study while panel B compares them according to their syndi-
cate structure. Panels C and D, in turn, compare our loans according to their characteristics
and borrower-specific factors, respectively.

The result of the mean difference test on the bid-ask spread is in line with Fig. 1, namely,
loans held by a more diverse set of investors are more liquid. As we can see from Panel A,
the average bid-ask spread for loans in the low investor type group is 1.63%. In contrast,
the average bid-ask spread for loans in the high investor type group is 1.13%, significantly
lower than that for loans in the low investor type group (with a t statistic of -13.46).10 In
line with this insight, we see that the former loans receive fewer quotes from dealers (i.e.,
an average of 1.91 per day vs. an average of 3.96 per day for loans in the high investor type

10We have performed a similar comparison to that reported in Table 1, but this time using investor concen-
tration – our second measure of investor diversity, HHI – and found, consistent with Fig. 1, that loans with
less concentrated syndicates have a lower average bid-ask spread. Results available upon request.
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Table 1 Summary statistics. This table presents summary statistics for the total sample, comparing term
loans with investor types below vs. above sample median. See Appendix for the definitions of all variables

Variables Number of investor types above median? Diff t-stat

No Yes

Panel A: Market-related variables

BID − ASK 1.634 1.132 -.502 -13.46***

PRICE 92.673 94.439 1.766 5.02***

PRICEV OL 2.515 2.890 .375 3.35***

QUOT ES 1.908 3.962 2.054 38.73***

T RADING 19.979 70.166 -50.187 40.25***

Panel B: Syndicate-related variables

ARRANGERSH .085 .021 -.064 -23.80***

DEALERS 5.135 8.890 3.755 33.56***

T YPES 3.471 8.989 5.518 119.87***

HHI .390 .273 -.116 -31.64***

BANKS 9.362 14.435 5.073 19.54***

INSURANCE .485 6.136 5.652 45.51***

FINANCE 1.139 3.339 2.199 29.28***

BROKERS .297 1.828 1.530 42.12***

PEFIRMS .190 1.209 1.019 44.63***

FUNDS 4.166 42.752 38.586 48.75***

CLOS 8.303 60.904 52.601 50.05***

Panel C: Loan-specific variables

LAMOUNT 11.684 12.739 1.055 41.42***

MAT LEFT 4.014 4.663 .648 15.27***

AT MAT URIT Y .184 .087 -.097 -10.80***

AT ORIGINAT ION .433 .483 .050 3.84***

PASS .730 .692 -.039 -3.29***

SPECIALMENT ION .097 .120 .024 2.94***

SUBST AND .129 .162 .033 3.68***

DOUBFUL .029 .0170 -.012 3.25***

LOSS .016 .010 -.006 -2.48**

WORKCAP .018 .027 .008 2.14**

M&A .028 .075 .047 8.54***

RECAP .005 .017 .012 4.55***

CAPEXP .002 .001 -.001 -1.04

PROJFIN .004 .002 -.003 -1.92*

DEBPREPAY .020 .073 .054 10.30

T LOANA .613 .434 -.180 -14.12***

T LOANB .062 .147 .085 11.07***

T LOANC .005 .013 .008 3.46***
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Table 1 (continued)

Variables Number of investor types above median? Diff t-stat

No Yes

Panel D: Borrower-specific variables

AAA − A .001 .001 -.0001 -0.13

BBB .022 .013 -.009 -2.50**

BB+ .020 .015 -.005 -1.57

BB .036 .049 .013 2.50**

BB− .051 .068 .017 2.76***

B+ .044 .063 .019 3,31***

B .019 .042 .023 5.22***

B− .009 .016 .007 2.44**

CCC − D .005 .007 .002 1.20

Observations 3,482 2,612

group), and are traded less often (i.e., an average of 19.98 days with price changes over the
year vs. an average of 70.17 days for loans in the high investor type group).

Looking at the other mean difference test results reported in Table 1, we get a mixed
picture. For example, we find that loans with more investor types are larger LAMOUNT,

and have more years left before their maturity date, MAT LEFT, two attributes believed
to help with the liquidity in the secondary market. We also find that these loans appear to
be safer according to their price in the secondary market, PRICE, (i.e., loans in the high
investor type group have a higher average price of 94.44% compared with 92.67% for those
in the low investor type group). However, loans with more investor types appear to be riskier
according to bank ratings (e.g., a smaller percentage of such loans have the safest bank
rating, PASS) or the borrower’s credit rating (i.e., a larger percentage of such loans have a
non-investment grade rating below BBB).

In terms of the syndicate structure, we see from Panel B that loans involving more
investor types have a lower average loan share held by the arranger, but have more top deal-
ers holding a stake of the loan. Not surprisingly, these loans involve more investors in each
investor type including banks, insurance companies, finance companies, brokers, private
equities, funds and CLOS. The average number of funds and the average number of CLOs
for loans in the high investor type group (42.75 and 60.90, respectively) is strikingly higher
than the corresponding numbers for loans in the low investor type group (4.17 and 8.30,
respectively).

In the next section, we investigate whether the diversity of loan investors affects loan
liquidity, controlling for our sets of syndicate-, loan- and borrower-specific factors. We also
attempt to account for investors’ loan investment selection.

3 Investor diversity and loan liquidity

Table 2 reports the first set of results of our investigation on the liquidity impact of investor
diversity. It shows the results from the estimation of our model of loan bid-ask spreads (See
Eq. 1). The two key variables of interest are our proxies for investor information diversity:
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Table 2 Investor diversity and secondary market liquidity

Variables 1 2

TYPES -0.037***

(-6.44)

HHI 0.252**

(2.09)

Syndicate controls

ARRANGERSH -0.455*** -0.279**

(-3.40) (-2.04)

DEALERS -0.022*** -0.028***

(-5.78) (-6.98)

Borrower controls

AAA-A 0.516 0.526

(0.60) (0.59)

BBB -0.245*** -0.188***

(-4.35) (-3.27)

BB+ -0.086 -0.039

(-1.05) (-0.48)

BB -0.166*** -0.153***

(-4.01) (-3.68)

BB- -0.204*** -0.208***

(-5.49) (-5.59)

B+ -0.131** -0.139***

(-2.47) (-2.64)

B -0.032 -0.045

(-0.41) (-0.57)

B- -0.238* -0.237*

(-1.91) (-1.88)

CCC-D 0.150 0.143

(0.48) (0.45)

Loan controls

LAMOUNT -0.158*** -0.185***

(-7.37) (-8.92)

MATLEFT -0.011 -0.022**

(-1.05) (-2.08)

PASS -2.911*** -2.906***

(-14.82) (-14.77)

SPECIALMENTION -2.461*** -2.468***

(-12.23) (-12.25)

SUBSTANDARD -1.765*** -1.774***

(-8.51) (-8.54)
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Table 2 (continued)

Variables 1 2

WORKCAP -0.028 -0.024

(-0.37) (-0.31)

M&A 0.031 0.002

(0.47) (0.02)

RECAP 0.118 0.083

(1.14) (0.80)

PROJFINANCE 0.533** 0.604**

(1.97) (2.24)

CAPEXP -0.089 -0.018

(-0.96) (-0.20)

DEBTREPAY -0.055 -0.095

(-0.92) (-1.60)

TRLOANA 0.186*** 0.190***

(4.39) (4.48)

TRLOANB -0.051 -0.069

(-1.18) (-1.60)

TRLOANC -0.292** -0.325**

(-2.16) (-2.46)

constant 5.840*** 6.018***

(15.82) (16.39)

Observations 6084 6084

R-squared 0.461 0.458

This table reports results for all credits in our sample. The dependent variable is BID-ASK SPREAD: Aver-
age bid-ask spread over the year. All of the models include year dummy variables and dummy variables for
the borrower’s sector of activity as defined by SIC one-digit code. See Appendix in the paper for the defini-
tions of all controls included in the models. Models are estimated with robust standard errors, clustered by
borrower. We report t statistics in parentheses

*** denotes 1% significance level; ** denotes 5% significance level; * denotes 10% significance level

T YPES, the number of different types of loan investors in the syndicate (banks, insurance
companies, finance companies, brokers, CLOs, hedge funds, pension funds, among others),
and HHI, the HHI of investor-types’ loan shares, respectively.

Both T YPES and HHI suggest that an increase in the diversity of investors in the
syndicate is associated with a decline in the loan’s bid-ask spread. A one-standard deviation
increase in the number of investor types is associated with a decrease of 12 bps in the
loan bid-ask spread (model 1). A one-standard deviation decrease in the concentration of
investor-types’ loan shares is associated with a decrease of 4 bps in the loan bid-ask spread
(model 2).

Looking at the control variables, we see that ARRANGERSH is negative and statisti-
cally significant, indicating that the larger the arranger’s loan share the more liquid the loan
is. Given that the arranger is arguably the best informed loan investor, this result appears
to run counter the idea that the presence of an informed investor adversely affects liquidity.
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However, this relationship seems to be driven by those instances in which the lead arranger
retains a share of the loan in order to act as a dealer for the loan.11

Turning our attention to the remaining controls, we see that loans that have a larger
number of the top dealers among their investors, DEALERS, have lower bid-ask spreads.
Larger loans, LAMOUNT, and loans with more years to maturity, MAT LEFT, tend
to have a lower average bid-ask spread. Safer loans also have on average lower bid-
ask spreads. In particularly, the results on banks’ loan ratings show that both PASS,

SPECIALMENT ION, and SUBST ANDARD, are negative and statistically signifi-
cant, indicating that safer loans carry a lower bid-ask spread relative to the riskiest loans
(omitted group that receives a DOUBT FULL or LOSS rating). The same insight is
present in the borrowing firm’s credit ratings, though not as strikingly.

With regards to the purpose of the loan, the only one which appears to differentiate loans
is project finance: loans for this purpose have on average a significantly higher bid-ask
spread. Lastly, contrary to expectations, term loans A do not have lower spreads than term
loans B or C, even though they tend to be safer, possibly because fewer types of investors
(e.g. banks and insurance companies) tend to own these loans.

3.1 Loan ownership, market liquidity and borrower opacity

As we discussed in the introduction, one of the premises for investor diversity to influ-
ence liquidity is the existence of information frictions among investors. As such, we should
expect the liquidity effects of diversity to be more pronounced among loans of more infor-
mationaly opaque borrowers. To investigate this hypothesis, we start by classifying our
borrowers according to their informational opacity. We assume that borrowers with a credit
rating, RAT ING, are less informationaly opaque because there is more information avail-
able about them. As an alternative definition, we assume that borrowers with a bond trading
in the secondary bond market, BOND, are less informationaly opaque by virtue of the
information released in that market. Next, we compare the liquidity effect of loan investors’
diversity across borrowers depending on their informational opacity.

The results of this exercise are reported in Table 3. Panel A reports the results when
we use RAT ING to classify borrowers as to whether they are informationaly opaque,
while panel B reports the results when we use BOND to classify our borrowers. Both
panels yield similar results. First, loans of less informationaly opaque borrowers are more
liquid. The estimated coefficient on RAT ING is negative, though statistically significant
only in model 1, while that on BOND, is negative and statistically significant in all mod-
els. Second, consistent with our priors, we find strong evidence that investor diversity is
more important for the liquidity of loans of more informationaly opaque borrowers. This
holds true for both proxies of diversity when we use RAT IND to distinguish borrowers
according to their level of informational opacity. Specifically, the coefficient estimate on the
interaction term between RAT ING and T YPES is positive and statistically significant at
the 1% level while that on the interaction between RAT ING and HHI is negative and sta-
tistically significant at the 5% level. It is also true when we rely on BOND to distinguish

11In a separate analysis, indeed we find that the negative relationship between bid-ask spreads and the loan
share of lead arranger is driven by the arranger’s role as a dealer for the loan. When the arranger does not
play this role, that relationship becomes positive, consistent with the idea that the presence of an informed
investor adversely affects market liquidity. These findings are only suggestive because we have information
on whether the arranger acts as a dealer for only 22% of our loan-year observations. Also, whether an arranger
acts as a dealer is endogenous.
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Table 3 Borrower opacity, loan investor ownership and liquity

Variables 1 2

Panel A: Borrowers with and without a credit rating

RATING -0.429*** -0.009

(-7.05) (-0.13)

TYPES -0.051***

(-7.21)

HHI 0.346**

(2.37)

RATINGxTYPES 0.047***

(5.81)

RATINGxHHI -0.383**

(-2.24)

constant 5.835*** 5.976***

(15.95) (16.31)

Observations 6084 6084

R-squared 0.462 0.458

Panel B: Borrowers with and without a trading bond

BOND -0.394*** -0.209**

(-4.46) (-2.15)

TYPES -0.039***

(-6.53)

HHI 0.243*

(1.91)

BONDxTYPES 0.025**

(2.22)

BONDxHHI -0.039

(-0.15)

constant 5.870*** 6.030***

(16.02) (16.48)

Observations 6084 6084

R-squared 0.461 0.458

The dependent variable is BID-ASK SPREAD: Average bid-ask spread over the year. RATING and BOND
are dummy variables if the borrower has a credit rating or a bond trading in the secondary market, respec-
tively. Included in the models are all of the variables used in the models reported in Table 2. See Appendix in
the paper for the definitions of all controls included in the models. Models are estimated with robust standard
errors, clustered by borrower. We report t statistics in parentheses

borrowers’ level of information opacity, although in this case the interaction of this variable
with HHI is not statistically significant.

In sum, the findings from our pooled regression analysis so far are unambiguously con-
sistent with the insight that investor diversity is beneficial to loan liquidity. Syndicates with a
larger number of investor types, as well as less concentrated syndicates in terms of investor-
types’ loan shares are both associated with more liquid loans. Further, consistent with our
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expectations, these effects are more pronounced for more informationaly opaque borrow-
ers. In the next section, we take a closer look at the robustness of our findings and attempt
to address concerns with investors’ borrower-investment selection.

4 Robustness tests

We begin this section of robustness tests by investigating potential concerns with investors’
borrower-investment selection. After that, we look into whether our findings on investor
diversity could derive from the presence of any single type of investors.12 We conclude the
section with a brief summary of robustness tests that we have investigated to account for
additional controls that may impact loan liquidity.

4.1 Accounting for investors’ borrower-investment selection

Since investors’ decision on whether to invest in a particular loan is endogenous, one may
wonder to what extent these decisions drive our findings. In this subsection, we present the
results of several tests we considered to address this concern. In the first test, we investigate
what happens when we restrict our sample to an homogeneous subset of loans. Next, we
investigate what happens when we include arranger fixed effects, loan fixed effects, and
borrower-year fixed effects, respectively.

4.1.1 Restricting the sample to homogeneous loans

One simple way to ascertain the importance of investor-borrower selection is to focus the
analysis on a subset of homogeneous loans. To that end, we reestimate our model of loan
bid-ask spreads on the subset of term loans A. We choose to conduct the tests on term loans
A primarily because they account for about half of our sample. In addition, focusing on
term loans B (and higher), to some extent, biases against diversity because banks, insurance
companies and finance companies are less likely to invest in these loans.13

The results of this exercise are reported in columns (1) and (2) of Table 4. A quick
comparison of these results with our baseline results derived on the entire sample (Table 2)
shows that restricting the sample to term loans A has only marginal effects on the magnitude
and the statistical significance of our proxies for investor diversity: T YPES and HHI . The
estimated coefficient on T YPES remains negative and statistically significant at the 1%
level with a marginally increased magnitude (i.e., -0.039 for term loans A compared with
-0.037 for the full sample). Similarly, the estimated coefficient on HHI remains positive
and statistically significant at the 5% level with a larger magnitude (i.e., 0.420 for term loans
A compared with 0.252 for the full sample).

12We also try to address the concern of reverse causality by putting our measures of investor diversity on
the left hand side and the lagged loan bid-ask spreads on the right hand side with the same set of control
variables. We find that the lagged loan liquidity does not explain the number of investor types in the syndicate,
T YPES, while it does explain the concentration in the loan syndicate, HHI, but in a way inconsistent with
reverse causality. These tests, however, suffer from an important limitation – they rely on annual data.
13Nonetheless, we also run the tests on term loans B and get equally strong results when we proxy diversity
by the number of investor types but weaker results when we do it by the HHI of investor types’ loan shares.
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Table 4 Liquidity effects of ownership structure: Accounting for selection

Term loans A only Arranger FE Loan FE Borrower-year FE

Variables 1 2 3 4 6 6 7 8

TYPES -0.039*** -0.043*** -0.032** -0.024**

(-3.69) (-7.15) (-2.23) (-2.31)

HHI 0.420** 0.325** 0.304 0.299***

(2.13) (2.51) (1.15) (3.05)

constant 5.465*** 5.641*** 5.307*** 5.514*** 2.276* 2.223* 3.086*** 7.613***

(4.79) (5.02) (14.82) (15.46) (1.81) (1.76) (3.57) (13.71)

Observations 3265 3265 6084 6084 6084 6084 6084 6079

R-squared 0.505 0.503 0.500 0.497 0.843 0.843 0.980 0.618

The dependent variable is BID-ASK SPREAD: Average bid-ask spread over the year. Included in the models
are all of the variables used in the models reported in Table 2. See Appendix in the paper for the definitions of
all controls included in the models. Models are estimated with robust standard errors, clustered by borrower.
We report t statistics in parentheses

*** denotes 1% significance level; ** denotes 5% significance level; * denotes 10% significance level

4.1.2 Controlling for arranger fixed effects

One could also wonder whether our results derive from arrangers’ potential preference for
loans with different liquidity together with their potential role in selecting investors for
their syndicates. In this case, the association between the number of investor types (or the
concentration of investor types’ holdings) with loan liquidity could derive from arrangers’
selection. A simple way to address this concern is to include arranger fixed effects. The
results of this investigation are reported in columns (3) and (4) of Table 4. Adding arranger
fixed effects only slightly changes the coefficient estimates on our two measures of investor
diversity without affecting their statistical significance.

4.1.3 Controlling for loan fixed effects

A better way to investigate the importance of investor-borrower selection is to estimate our
model of loan bid-ask spreads with loan fixed effects. In this case the identification of the
liquidity impact of investor diversity is driven by changes in investor diversity within each
loan that occur over the life of the loan. The results of this investigation are reported in
columns (5) and (6) of Table 4. Our two proxies for investor diversity retain their expected
signs although only T YPES retains its statistically significance.

4.1.4 Controlling for borrower-year fixed effects

Arguably, an even more stringent test to address the issue of investor-borrower selection is
to consider borrower-year fixed effects. In this case, the liquidity effect of loan ownership
is derived by comparing multiple loans from the same borrower that are traded at the same
time. We are able to carry out the borrower-year fixed effect test because 497 of the 1,805
borrowers in our sample have multiple loans trading at the same time. These borrowers
account for 2,334 of the 6,804 loan-year observations in our sample.
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Table 5 Investigating the role of individual investor types

Variables 1 2 3 4

TYPES -0.055*** -0.049***

(-5.77) (-4.76)

HHI 0.323** 0.254*

(2.11) (1.66)

constant 5.428*** 3.873*** 6.038*** 4.537***

(4.50) (3.09) (4.40) (3.38)

Observations 6084 6084 6084 6084

R-squared 0.464 0.461 0.466 0.464

The dependent variable is BID-ASK SPREAD: Average bid-ask spread over the year. Included in the models
are all of the borrower and loan variables used in the models reported in Table 2. Models 1 and 2 also
control for the loan shares held by each investor type, and models 3 and 4 additionally control for the number
of individual investors in each investor type. See Appendix in the paper for the definitions of all controls
included in the models. Models are estimated with loan fixed effects and robust standard errors, clustered by
borrower. We report t statistics in parentheses

*** denotes 1% significance level; ** denotes 5% significance level; * denotes 10% significance level

The results of this test are reported in columns (7) and (8) of Table 4. Our proxies for
investor diversity retain their expected signs and their statistical significance. Among the
outstanding loans of a given borrower, those that have a larger number of investor types,
T YPES, have lower bid-ask spreads. Similarly, among the outstanding loans of a given
borrower, those held by less concentrated syndicates, HHI, have lower bid-ask spreads.
These findings provide strong supporting evidence that investor diversity plays a role in the
liquidity of loans that are traded in the secondary market.

4.2 Accounting for types of investors

In addition to the concern about the issue of investor-borrower selection, one may wonder
whether our findings are driven by a single type of investors in which case these investors
rather than investor diversity would explain loan liquidity. For example, it is believed that
institutional investors i.e. banks, insurance companies, and finance companies, follow a
buy-and-hold strategy while asset managers, i.e.. mutual funds, pension funds, hedge funds,
and CLOs, are active traders.14 Could it be that the presence of any of these active traders
drive our findings? Alternatively, diversity may matter because of a joint presence of dis-
tinct types of investors. According to Goldstein and Yang (2015), investor diversity (i.e., a
joint presence of distinct types of investors) can lead to an increase in liquidity if there are
strategic complementarities in trading and information acquisition among different types of
investors.

To disentangle these two alternative explanations, we begin by expanding our baseline
model which we reported in Table 2 to control for the share of the loan held by each investor
type. The results of this exercise are reported in columns 1 and 2 of Table 5. Adding the
new controls does not affect either the size or the statistical significance of our two proxies
for investors diversity, T YPES and HHI .

14For example, Peristiani and Santos (2019) document that CLOs are active traders in the secondary loan
market.
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In columns 3 and 4 of Table 5, we go a step further and control for the number of indi-
vidual investors in each investor type. Doing so only marginally reduces the magnitude of
the coefficient estimates on T YPES and HHI as well as the statistical significance of
the latter. Importantly, we continue to find that loans with more investors types as well as
loans held with less concentrated investor type ownership have on average a lower bid-ask
spread. Given that these findings account for the relative importance of the various types of
investors owning the loan, they add important support to our key finding in this paper that
diversity among investors, i.e. the joint presence of different types of investors, improves
loan liquidity in the secondary market.

4.3 Additional robustness tests

In this subsection, we report the results of robustness tests we carry out to account for a set
of additional controls that may impact loan liquidity.

4.3.1 Controlling for the credit’s age

The results we presented thus far account for the number of years left until the credit
will mature, MAT LEFT . Available evidence for both treasury bonds and corporate bonds
shows that on-the-run bonds (i.e., the most recently issued bonds) are generally more liquid
than off-the-run bonds (e.g., Amihud and Mendelson 1991; Houweling et al. 2005). If this
difference applies to the loan market, our control for the maturity left of the loan may not
capture it since it is linear. To address this possibility, we expand our controls to include two
dummy variables: AT ORIGINAT ION, which takes the value one if the loan is in the
first two years of its life and AT MAT URIT Y, which takes the value one if the loan has
less than two years until it reaches its maturity.

The results of this investigation depict a picture similar to that existing in the bond market
– new loans are relatively more liquid. AT ORIGINAT ION is negative and statistically
significant in all of our models. Liquidity seems to decline in the last two years of the loan’s
life but by an amount that is not statistically different from zero. More importantly, adding
the new controls does not affect the two proxies we use for loan investor diversity: T YPES,

and HHI .

4.3.2 Controlling for market pricing

It is well established that credit risk is a key driver of market liquidity (Bhasin and Carey
1999; Wittenberg-Moerman 2008). Our results confirm this finding. In our initial analysis,
we account for the risk of the loan by controlling for the bank’s loan rating and the bor-
rower’s credit rating. In addition, we distinguish whether term loans are of types A, B or C
given that differences in amortization schedules affect the risk of the loan. Notwithstanding
our use of these controls, one may still worry about the potential impact of credit risk on
our findings. For example, while all of the loans in our sample have a bank rating, not all
borrowers have a credit rating from a rating agency.

To further reduce concerns with the importance of credit risk, we expand our controls
to account for the price of the loan in the secondary market, as determined by the average
price quoted by the dealers that make the market for that loan, PRICE. In addition, we
control for the volatility of the loan’s price, as measured by the standard deviation of the
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quoted prices, PRICEV OL.15 Consistent with expectations, the results show that riskier
loans have higher bid-ask spreads. However, adding the new controls does not affect our
key findings on the liquidity impact of investor diversity.

4.3.3 Controlling for dealer quotes

All of the results we reported so far account for the number of top loan dealers that are
present in the loan syndicate as investors. As noted in the methodology section, we opt for
controlling for this variable because we believe it is more informative than the often used
number of quotes provided in the LSTA/LPC database. Under this assertion, the larger the
number of top dealers in the syndicate the more liquid the loan will likely be. Indeed, as we
saw from Table 2, the number of major dealers in the loan syndicate is strongly negatively
related to the loan’s bid-ask spread.

A potential concern with this control is that not all top dealers may make the market for
the loans they invest in. To reduce concerns with our decision to control for top dealers,
we expand our set of controls to account for the daily average number of quotes the loan
receives throughout the year, QUOT ES. The new control variable, QUOT ES, comes out
negative and significant, suggesting that loans with more quotes are more liquid, in line with
existing studies of loan market (Wittenberg-Moerman 2008; Nigro and Santos 2009). Again,
adding this control does not affect our finding on the liquidity effect of investor diversity.

4.3.4 Controlling for the presence of loan resale constraints

Pyles and Mullineax (2008) examines loan resale constraints specified in syndicated loan
agreement. They show that these clauses are employed to promote relationship banking and
to assist financially-distressed firms. Since these contractual clauses directly put restrictions
on loan sales (e.g., borrower or arranger consent is required before some loans can change
hands), they may affect the loan liquidity. Therefore, we add a dummy variable indicating
the presence of a loan resale constraint clause to our loan bid-ask spread regressions. We
do not find significant liquidity effect of the presence of loan resale constraint, probably
because the information on the original loan contract terms is only available for a small
subset of our sampled loans and theses terms do not vary over the life of a loan. However,
adding this control does not change our main result on the liquidity impact of investor
diversity.

5 Final remarks

We find supporting evidence to the insight that diversity among investors is beneficial to
loan liquidity in the secondary market. More diverse syndicates, as measured by the number
of investor-types or the concentration of loan shares by investor-type, hold loans that have
lower quoted bid-ask spreads in the secondary market. These findings are robust and do

15In another test, we control for T RADING, the total number of trading days over the year as proxied by
the number of days in which the price of the loan changes. This variable comes out negative and statistically
significant, but adding it to our model does not affect our measures of investor diversity.
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not seem to be driven by investors’ borrower/loan selection. They also do not appear to be
driven by the presence of a particular type of investors because they continue to hold when
we account for the relative importance of the various types of investors owning the loan. We
argue that investor diversity matters for loan liquidity because different types of investors
are likely to generate different information about intrinsic loan value, and trading on one
type of information is a complement to trading on another type of information (Goldstein
and Yang 2015). These complementarities incentivize more trading, which in turn lead to
higher loan liquidity.

Our investigation of loan liquidity suggests some fruitful areas for future research. For
example, according to Pennacchi (1988) and Gorton and Pennacchi (1995), if banks antic-
ipate that they will not retain an exposure to the loans they originate, then banks will lose
their incentives to screen loan applicants and to monitor borrowers during the life of the
loan. However, several studies, including Plosser and Santos (2018), Blickle et al. (2020),
and Glaser and Santos (2021), do not find supporting evidence to the thesis that the lead
share proxies for the lead bank’s monitoring incentives. Our results show that the lead share
plays a part in the liquidity of a loan, depending on whether the lead bank also acts as a
dealer for the loan. This finding suggests that lead banks retain a loan share for multiple
reasons. Therefore, it would seem worthwhile to deepen our understanding of the drivers of
the lead share and in turn, how they influence the lead bank’s monitoring incentives.

Our evidence also raises an interesting question for future research about the poten-
tial drivers of investor diversity. Borrower-specific features will likely matter but they
are unlikely the solo driver because our finding continues to hold when we account for
borrower-year fixed effects. Similarly, loan-specific features will likely matter but they too
are unlikely the solo driver because our finding continues to hold when we account for loan
fixed effects.

Finally, immediately following the Covid-19 outbreak in the US, as loan prices dropped
precipitously, liquidity in the secondary loan market dried up. The average loan bid-ask
spread more than tripled during March of 2020. It would seem worthwhile investigating
whether the liquidity dry up varied with the ownership structure of the loan and in particular
whether it had a lesser impact on loans with more diverse ownership structures.

Appendix

Table 6 Variable names and definitions

Variable name Description

Market variables

BID − ASK Average bid-ask spread computed over the year (Bid-Ask is in percentage).

PRICE Average loan price quotes (as a percentage of the face value) by dealers over the
year.

PRICEV OL Standard deviation of the loan prices quoted by dealers over the year.

QUOT ES Daily average number of quotes from dealers over the year.

T RADING Number of trading days with loan price changes (today’s quote price-yesterday’s
quote price) for a loan facility within a year.
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Table 6 (continued)

Variable name Description

Loan investor variables

T YPES Number of investor types in the loan syndicate.

HHI HHI of investor types’ loan shares.

ARRANGERSH Share of the loan owned by the arranger(s).

DEALERS Number of top dealers among loan investors.

BANKS Number of banks in the syndicate.

INSURANCE Number of insurance companies in the syndicate.

FINANCE Number of finance companies in the syndicate.

BROKERS Number of brokers in the syndicate.

PEFIRMS Number of private equity firms in the syndicates.

FUNDS Number of hedge, mutual and pension funds in the syndicate.

CLOS Number of CLOs in the syndicate.

Loan variables

LAMOUNT Log of the loan amount.

MAT LEFT Maturity left in the loan, computed in years.

AT MAT URIT Y Dummy variable equal to one if the loan has less than two years to maturity.

AT ORIGINAT ION Dummy variable equal to one if the loan age is less than two years.

PASS Percentage of the loan rated as PASS by its arranger.

SPECIALMENT ION Percentage of the loan rated as SPECIAL MENTION by its arranger.

SUBST AND Percentage of the loan rated as SUB STANDARD by its arranger.

DOUBFUL Percentage of the loan rated as DOUBTFULL or LOSS by its arranger.

WORKCAP Dummy variable equal to one if the loan is for working capital.

M&A Dummy variable equal to one if the loan is for M&A.

RECAP Dummy variable equal to one if the loan is for recapitalization.

CAPEXP Dummy variable equal to one if the loan is for capital expenditures.

PROJFIN Dummy variable equal to one if the loan is for a project finance.

DEBPREPAY Dummy variable equal to one if the loan is for debt repayment.

T LOANA Dummy variable equal to one if the loan is a term loan A.

T LOANB Dummy variable equal to one if the loan is a term loan B.

T LOANC Dummy variable equal to one if the loan is a term loan C.

Borrower variables

AAA − A, ... CCC − D Dummy variable equal to one if the borrower is rated AAA − A, ... CCC − D,

respectively.
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