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Abstract

We examine how lead arrangers’ ownership stakes in syndicated loans evolve after origination,
complementing prior research on lead shares at origination. Lead arrangers tend to retain shares in bank-
held loans but frequently sell shares in loans distributed to institutional investors, typically within days of
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1 Introduction

A syndicated loan is a loan provided by a group of lenders to a borrowing firm. Within the
syndicate of lenders, the lead arranger plays a central role by structuring the loan terms,
coordinating the syndication process, and serving as the primary liaison between the borrower
and other syndicate members. Given its pivotal role, the lead arranger is often assumed to
be responsible for screening and monitoring the borrower. Accordingly, the prior literature
has assigned an important role to the lead share — the portion of a syndicated loan retained
by the lead arranger — in overcoming information asymmetry problems in the syndicated
loan market. By retaining part of the loan, the lead arranger is incentivized to exercise
unobservable screening and monitoring efforts and to signal the loan’s quality to other lenders
(Leland and Pyle 1977, Gorton and Pennacchi 1995, Holmstrom and Tirole 1997). Prior
studies find supporting evidence for the importance of the lead share using data on syndicate
members at origination (Sufi 2007, Ivashina 2009).

Traditionally, banks were the sole participants in the syndicated loan market, and loans
remained on the balance sheets of the syndicate banks - syndicated loans were, therefore,
also referred to as “bank loans.” However, the entry of institutional investors (Ivashina and
Sun 2011, Irani et al. 2021, Fleckenstein et al. 2020), a trend also observed in other lending
markets (e.g., Buchak et al. 2018, Acharya et al. 2024), has given rise to a $1.4 trillion market

L Consequently, syndicating

of “institutional loans”, also referred to as “leveraged loans.”
banks now originate many loans with the intent to distribute them to institutional investors
and other lenders, a practice known as originate-to-distribute (e.g., Keys et al. 2010, Bord and
Santos 2012). As a result, the loan share funded by each syndicate member at origination
may not reflect that member’s actual loan ownership throughout the loan’s life. Little is

known about how lender shares — and, importantly, lead shares — evolve after origination.

These observations lead us to revisit the lead share’s role in overcoming information

!This number is based on the market value of the Morningstar LSTA US Leveraged Loan Index in
January 2025.



asymmetry issues using both Dealscan and Shared National Credit Registry (SNC) data,
which is maintained by the three bank supervising institutions in the US (the FDIC, OCC,
and FRB) and tracks loan ownership over time. In total, our data features the loan ownership
on 71,007 syndicated loans to 25,839 borrowers from 1993 to 2018. Our sample includes
credit lines, term loans predominantly held by banks (“bank term loans”), and term loans
acquired by institutional investors (“institutional term loans”). Using such comprehensive
loan holdings data, we establish several new findings about lead shares and lender shares
more generally.

We start by studying the evolution of lender shares right after origination. We find
somewhat muted changes in the lender composition for bank-held loans but stark changes for
institutional term loans. For institutional term loans, the average number of lenders increases
from 5 in Dealscan origination data to around 180 investors 10 days after origination. At
the same time, the average lead share drops from 47% - as reported in Dealscan - to 13%
- as reported in SNC - within 10 days and 6% within the first year for these loans. This
aligns with the originate-to-distribute model, where banks arrange and promptly sell off
institutional term loans to investors shortly after origination.

We then examine whether the lead arranger always retains a lead share or whether it sells
off some loans entirely. For bank-held loans, we find few instances where the lead arranger
sells off its entire share.? Only 3% (3% volume weighted) of credit lines and 12% (18%) of
bank term loans are sold off entirely by the lead arranger. In contrast, sell-offs occur more
often for institutional loans, of which 48% (53%) are sold off by the lead arranger following
origination. Consistent with the secular decline in bank balance sheet lending and increased
institutional participation, there is an increasing trend toward lead share sales. While less

than 3% of the outstanding loan volume was sold in 1995, around 40% of loan volume was

2We define a loan to be “sold” by the lead arranger if the lead share falls below 0.5% of the loan’s size.
SNC coding automatically assigns any rounding errors in lender shares to the lead arranger to ensure that
shares sum to 100%. This implies that SNC lead arranger shares may be slightly inflated in some cases.
Moreover, arrangers are the main market makers of the loans they originate that trade on a secondary market
and hence may hold dealer inventory. With 200 investors in a loan, 0.5% corresponds to a typical trade size.
We obtain very similar results with other cutoffs, including 0%, 0.2%, and 1%.



sold off by the arranger in recent years. For institutional loans, this number has risen to
around 70% by the end of our sample. Overall, our results suggest that lead share sales
are an important economic issue: the lead arranger may not hold direct loan exposure for
around $805 billion of leveraged loans towards the end of our sample period.?

However, since loans are often arranged together with other loans in so-called “deals”, lead
arrangers might still retain exposure to borrowers through other loans, such as credit lines.
Indeed, approximately 50% of term loans are originated in loan deals with an accompanying
credit line. Therefore, the more economically meaningful exposure measure may be borrower-
level lead shares. We, thus, examine the lead arranger’s exposure to a borrower across all
outstanding loans (including undrawn credit lines and loans in which the lead arranger of
a given loan is only a participant). We find that lead arrangers do, indeed, often retain
exposure through other loans (mostly credit lines) when selling term loans. Still, for 17%
of institutional term loans (or $200 billion of outstanding leveraged loans), we find that
the lead arranger has practically zero borrower-level exposure at some point over the loan
duration. For 34% of institutional term loans, the exposure is less than 2% of the loan
volume originated by the lead arranger.

The observed reduction in the lead share may have implications for loan performance
since it could reduce the incentive of the lead arranger to screen and monitor the borrower.
This might be particularly relevant since low lead arranger exposure is observed for the
riskiest loans sold to institutional investors, i.e., for leveraged loans. In line with concerns
over the originate-to-distribute model, Keys et al. (2010) document that the securitization
of mortgages led to lax screening by mortgage originators. Several additional studies have
confirmed the important role that skin-in-the-game plays in lenders’ screening efforts in the
mortgage market (Purnanandam 2011, Keys et al. 2012, Begley and Purnanandam 2017).

Motivated by this evidence, we relate lead shares sales to loan performance in the syn-

3This number is based on the 70% sell-off among institutional loans and the total market value of $1.15
trillion for the Morningstar LSTA Leveraged Loan Index in 2018. The number is likely higher after our
sample period, as the institutional loan market has since grown to $1.4 trillion.



dicated loan market. We find no evidence that sell-offs by lead arrangers are associated
with worse loan performance, measured by whether loans become non-accruing or receive a
“non-pass” rating by Federal Examiners. In fact, we find that sold loans perform, if any-
thing, slightly better. This result is observed in loan- and borrower-level lead share analyses
and remains remarkably robust across various specifications. For example, we can compare
the ex-post performance of similarly risky loans originated by the same lead arranger in the
same quarter, wherein some are sold off by the arranger, and some are retained. The results
also hold for both continuous lead shares and binary sell-off decisions, various measures of
loan performance, and an array of controls for ex-ante loan riskiness, including loan spreads,
public loan ratings, and the lead arranger’s internal risk assessment of the loan.

We then interpret these facts through the lens of different financial intermediation models
with asymmetric information, distinguishing between classic, static, and more recent, dy-
namic models. Static models posit that (permanent) loan retention by the originating bank,
i.e., the lead arranger, is the primary incentive mechanism that avoids moral hazard and
adverse selection problems (Leland and Pyle 1977, Gorton and Pennacchi 1995, Holmstrom
and Tirole 1997). Some of our evidence appears consistent with static models. While lead
arrangers reduce their exposure after origination for some loans, they often still maintain
exposure through other loans such as credit lines. Consistent with these static models, it is
possible that retaining a line of credit provides sufficient incentives for the lead arranger to
screen and monitor the borrower despite selling part of the loan.

However, there are still a non-trivial number of loans where the lead arranger retains no
significant exposure, even through other loans, and these loans do not perform worse. While
static models may face challenges in explaining this, dynamic models suggest that — even
when the lead arranger has no direct, permanent exposure — temporary exposure and repu-
tational concerns can incentivize lead arrangers to screen and monitor the borrower. These
models allow either for loan sales throughout the loan duration and thus only temporary

exposure (Hartman-Glaser et al. 2012, Gryglewicz et al. 2024) or for repeated interactions



between the lead arranger and loan buyers (Hartman-Glaser 2017, Winton and Yerramilli
2021), leading to reputational concerns.

We provide evidence suggesting that the mechanisms proposed in dynamic models poten-
tially play an important disciplining role in this market. First, lead arrangers’ commitment
to underwrite loans entails the risk that low-quality loans end up on their balance sheets —
so-called “pipeline risk” (Bruche et al. 2020). The temporary exposure to this risk during the
syndication process may sufficiently incentivize the lead arranger to conduct due diligence.
Consistent with pipeline risk, we find that a lead arranger is less likely to sell off a loan
when negative information about the borrower arises during the syndication process. This
is broadly consistent with the prediction by Hartman-Glaser et al. (2012) that loan sales
are possible after some time as long as no negative signal about the borrower, and thus, the
arranger’s screening effort becomes public. Moreover, it is consistent with Gryglewicz et al.
(2024) who argue that temporary exposure to the loan, such as through the syndication
process, can ensure proper screening by the arranger.

Second, repeated interactions between the lead arranger and other lenders in the loan
market might entail reputation risks for the lead arranger when syndicating low-quality loans
(Hartman-Glaser 2017, Winton and Yerramilli 2021). The potential loss of underwriting
revenue due to underwriting low-quality loans could give the lead arranger enough incentives
to screen and monitor loans. Consistent with a loss in reputation, we find that a lead
arranger’s market share drops when its underwritten loans become non-accruing or non-pass
rated by bank examiners.

Together, the tests indicate that pipeline and reputation risks, along with other loan
exposure, may play a role in incentivizing the lead arranger to screen and monitor loans.
These incentive mechanisms potentially explain why loans sold by lead arrangers do not per-
form worse. Our findings contribute to debates around the consequences of tightening bank
regulation and the associated shift of lending from banks to institutional investors. They

suggest that the resulting lower retention of loans may not necessarily lead to a deterioration



in loan quality.

Besides the aforementioned theoretical studies, our results relate to extensive empirical
literature analyzing the rise of the “originate-to-distribute” practice in the syndicated loan
market (Dahiya et al. 2003, Drucker and Puri 2009, Gande and Saunders 2012, Bord and
Santos 2012, Lee et al. 2019). To the best of our knowledge, we are the first to document
frequent sales of lead shares by lead arrangers. We also study the implications of these lead
share sales for loan performance. Our results align with Benmelech et al. (2012) who find that
securitization in the syndicated loan market does not lead to adverse selection. Moreover,
our evidence on pipeline risk complements that in Bruche et al. (2020) and Bruche et al.
(2023). Related to our finding that lead arrangers frequently sell institutional term loans
but retain credit lines, Berlin et al. (2020) show that maintenance covenants are increasingly
concentrated in credit lines while institutional term loans are covenant-lite.

Our paper also contributes to the growing literature exploring alternative mechanisms
to mitigate information asymmetry problems beyond the lead share. Studies have found
support for reputational concerns (Gopalan et al. 2011), rent extraction during renegotiations
(Jiang et al. 2022), and low monitoring costs due to universal banking (Chen et al. 2023)
ensuring proper screening and monitoring by the lead bank despite small or no lead shares.
Furthermore, Haque et al. (2024) emphasize that private equity sponsorship can function as
a substitute for bank monitoring, thereby diminishing the reliance on the lead share.

Our paper also relates to an extensive literature that studies information asymmetry
problems in the mortgage market. Consistent with static information asymmetry models,
this literature finds that less loan retention leads to lax screening by mortgage originators
(Keys et al. 2010, Purnanandam 2011, Begley and Purnanandam 2017). Consistent with
dynamic information asymmetry models, Keys et al. (2012) document that temporary expo-
sure, arising from the time it takes to securitize a mortgage, can provide screening incentives
to mortgage originators.

Lastly, we contribute to the literature by providing guidance to researchers who can only



access Dealscan data on how to approximate loan ownership after origination. We show that
our approximation method vastly outperforms commonly used techniques in the literature,
such as imputing lender shares based on the syndicate structure (e.g., Chodorow-Reich 2014).

The rest of the paper is organized as follows. Section 2 describes the data, provides
institutional background on loan syndications, and offers guidance on how to approximate
loan ownership with Dealscan data. Section 3 examines the frequency of lead share sales.
Section 4 examines the relationship between lead share sales and loan performance. Section 5
relates our findings to financial intermediation theories with information asymmetry. Section

6 concludes.

2 Data & Institutional Background

This section provides an overview of the data used in this paper. We rely on two key data sets
for syndicated loans: Dealscan and SNC. While Dealscan provides information at the time
of loan origination, SNC tracks loan holdings over the entire loan duration. Although lender
and lead shares observed at origination in Dealscan are commonly used in prior research,
relying solely on Dealscan has significant limitations. Lender shares are available for only
a very small and selected subset of loans. Moreover, institutional factors often lead key
lenders, such as institutional investors, to participate in loans only shortly after origination,
as discussed below.

To overcome these limitations, we use SNC data as our primary source. SNC provides
comprehensive information on lenders throughout the entire loan duration and captures loan
outcomes, such as delinquency. Our main sample includes 71,007 syndicated loans to 25,839
borrowers from 1993 to 2018. Additionally, we merge SNC with Dealscan to incorporate
data on loan spreads and lender shares at origination.

Finally, we propose a novel method for approximating loan ownership after origination

using Dealscan data. This method enables researchers with access only to Dealscan to



estimate the ownership shares of lead arrangers and other bank lenders in syndicated loans.

2.1 Data

SNC. Our primary data is loan-lender-time-level data from the Shared National Credit
(SNC) registry, which is maintained by the Board of Governors of the Federal Reserve Sys-
tem, the Federal Deposit Insurance Corporation, and the Office of the Comptroller of the
Currency. The data encompasses information for all syndicated loans with a minimum ag-
gregate commitment of USD 20 million* which are held by at least three federally supervised

institutions.?

The administrative agent of a qualifying loan — usually the lead arranger —
is obliged to report detailed information about the loan as well as the loan commitment
held by each lender. The reporting frequency is annual before 2015, quarterly in 2015, and
semi-annual from 2016 to 2018. Thus, the SNC data allows us to observe the lead arranger’s
share and the share held by other lenders at the end of every reporting period over the entire
loan duration. In addition to loan holdings, the SNC data contains information on loan
characteristics such as the loan size, lead banks’ internal loan ratings, loan ratings by bank
examiners, and loan default indicators.

The SNC data reports the loan (facility) of each loan deal separately. Thus, when a loan
deal consists of a credit line and a term loan, we obtain separate information on the two
loans and observe the lead arranger’s stake in each loan. We treat such loans as distinct
throughout our analyses.

We aggregate loan holdings to the holding company level. While aggregating on the

bank holding company level, we exclude funds that are managed by bank holding companies

since they do not invest the bank’s money.® We deal with bank mergers in our sample

4The threshold for loans captured by the SNC was raised to USD 100 million effective January 1, 2018.

5This also encompasses loan facilities that are part of a loan agreement that includes another loan facility
that is held by at least three federally supervised institutions. A detailed description of the reporting re-
quirements can be found under https://www.kansascityfed.org/banking/bankerresources/complete-
and-file-reports/shared-national-credit.

6This has no significant impact on the results as most asset managers of loan mutual funds or CLOs are
not affiliated with any bank.


https://www.kansascityfed.org/banking/bankerresources/complete-and-file-reports/shared-national-credit
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by aggregating the holdings of individual banks in the reporting period in which the merger
occurs. That said, many of our analyses focus on the period directly following loan origination
and are, therefore, largely unaffected by mergers.

Our sample starts in 1993 and ends in 2018. As shown below, loan ownership often
changes shortly after origination. Thus, to study ownership changes by the lead arranger,
we need to ensure that we have a consistent panel in which we observe each loan shortly
after origination. For this reason, we exclude loans first observed in the SNC data more than
400 days after origination. This restriction excludes loans that were originated before 1993
or loans that meet the SNC requirements at a later date after their origination.” Our final
sample contains 71,007 loans to 25,839 individual firms.

As described above, both banks and institutional investors are important lenders in
the syndicated loan market. Banks primarily invest in credit lines and amortizing term
loans, while institutional investors usually hold term loans with bullet payments at maturity.
SNC does not explicitly indicate whether a term loan is intended to be held by banks or
institutional investors. However, we can identify the targeted investor group from the loan
name for many term loans in our sample. Specifically, of the 14,867 term loans in our sample,
2,842 are named “term A loan” (which are amortizing and thus target banks), and 1,880 are
named “term B loan” (which have a bullet payment and thus target institutional investors),
while the remainder is often called simply “term loan”.®

Therefore, when our analysis focuses on institutional term loans, we restrict the sample
to loans classified as term B loans. In terms of dollar amounts, we can classify $356 billion
of the outstanding $1.46 trillion term loan volume as term B loans at the end of our sample

period in 2018. Since the institutional term loan market had a size of about $1 trillion in

"We choose the 400-day threshold because the lowest reporting frequency during our sample period
is yearly, and banks have 30 days to report newly originated loans. Thus, a loan that fulfills reporting
requirements should appear in SNC within 400 days of origination. This requirement leads us to drop 21,171
loans, including 10,365 originated before 1993. In the internet appendix, we show that our main results are
robust to this filter.

8This classification is standard industry practice and also used by Ivashina and Sun (2011) and Fleck-
enstein et al. (2020), among others. Following the LCD Leveraged Loan Primer, we also classify loans as
institutional or term B loans if they are called term C, D, and so on.



2018 based on the loans in the S&P LSTA Leverage Loan Index, we can explicitly identify
about one-third of the outstanding institutional term loans.® However, our sample contains
approximately twice as many institutional term loans since only about 50% of the loans
in the S&P LSTA Leverage Loan Index, which by construction only contains institutional

loans, have “term B” in their name.!'®

Dealscan. We obtain further loan information from Refinitiv Dealscan LPC. Most of this
data is self-reported by lead arrangers to Refinitiv to better their standing in the ‘league
table’ of arrangers. To get league table credits, Refinitiv requires the lead arranger to report
any loan deal within 15 days of its closing date and to provide some deal details.!! The lead
arranger sometimes reports the lenders’ shares in a syndicate at origination, though this
information is frequently not reported (see below).

We restrict the Dealscan data to loans for which the all-in-drawn spread and the loan
purpose are available. Since Dealscan and SNC do not share a common loan or borrower
identifier, we merge the two datasets using a fuzzy match algorithm similar to Cohen et al.
(2018), based on the borrower name and common loan variables such as the loan type, loan
size, maturity, and origination date.'? In total, we match 21,355 Dealscan loans to our SNC

loan sample.

9The S&P LSTA Leverage Loan Index is often used to estimate the size of the institu-
tional term loan market. S&P reports that this index had a volume of $1 trillion in April 2018
(https://www.spglobal.com /marketintelligence /en /news-insights /latest-news-headlines/leveraged-loan-
news/official-us-leveraged-loans-1-trillion-market).

10These numbers are derived from LCD data on loans in the S&P LSTA Leverage Loan Index in 2022.
Less than 1% of the loans are term A loans in the index, 50% are term B and the remainder are named
mostly ”term loan” or ”1st lien”.

HThe lead arranger needs to provide the borrower name; the total deal and individual facility (tranche)
types and amounts; new or incremental amount (if upsizing, or add-on meets Refinitiv LPC definition of
“new money”); the deal purpose; the financial close/closing date; the tenor or maturity date of individual
tranches; the full-titled lender group including bookrunners, lead arrangers, agents, arrangers, and any non-
titled lenders; sponsor name; base rate; margin and fees at close; identification of all second lien ABL,
PIK, Green, ESG, or unitranche facilities; borrower sales and EBITDA (if requested by Refinitiv); borrower
industry and SIC or NAIC code (if requested by Refinitiv); and borrower state and country.

12We first match issuers based on the reported name and then select the loan that is closest in terms of
the loan variables above. To ensure our matches are of high quality, we accept only matches if the maturity
and origination dates lie within 9 months, respectively, and if both loans are of the same type, e.g., a term
loan. Some of the reporting differences may arise due to a lack of standardization in the loan market.
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While not required for most analyses, we also match lenders in both data sets. This
allows us to observe how the share of a specific lender at origination (as observed in Dealscan)
compares to the lender share throughout the loan’s duration (as observed in SNC). Given the
manual nature of this match, we focus on the lenders with the largest (cumulative) exposure

to the syndicated loan market. We merge well over 80% of lenders in our joint loan sample.

Sample description. Table 1 provides summary statistics for our loan sample. In total,
we observe 71,007 loans, of which 37,946 are classified as credit lines, 14,867 as term loans,
and 1,880 as term B loans. Credit lines constitute the majority of loans partly because many
investment-grade-rated borrowers obtain term funding from the bond market while secur-
ing credit lines from banks for liquidity management. Notably, 28% of credit lines remain
“unfunded” or “undrawn” throughout their entire life. Furthermore, since institutional term
loans are typically much larger than other loans, comparing the number of loans understates
the economic significance of these loans.

The average maturity of loans in our sample is 4.4 years and shorter for credit lines (3.9
years) than term loans (5.1 years). Since loans get often refinancing prior to their maturity,
the average distance between two consecutive loans is on average 3.2 years. The average
loan has a volume of USD 296 million and is often classified as having a “general corporate”
or a “working capital” purpose. Just under 3% of the observed loans become non-accruing,
i.e., miss at least one payment, and 10% receive a “non-pass”’ rating by Federal Examiners
at some point.'® For the 21,355 loans we match to Dealscan, the average all-in-drawn spread

is 225 basis points. For 35% of these loans, we also observe the rating of the loan or the

131f a loan receives a non-pass rating by Federal Examiners, it means the loan is considered to be at higher
risk of default and does not meet the criteria for a “pass” classification under the regulatory guidelines for
loan quality. Federal Examiners use a loan classification scheme that includes the following categories: (1)
Pass: The loan is performing well and has no significant risks of default. It is considered to be of sound
quality. (2) Special Mention: The loan has potential weaknesses that, if not addressed, could lead to further
deterioration. (3) Substandard: The loan has well-defined weaknesses that jeopardize repayment. These
weaknesses may include inadequate collateral, cash flow problems, or other factors. (4) Doubtful: The loan
has severe weaknesses that make collection or liquidation highly questionable, although some recovery is
expected. (5) Loss: The loan is considered uncollectible and is typically written off. Loans with a “non-
pass” rating fall into the Special Mention, Substandard, Doubtful, or Loss categories. We make use of ratings
after the first observation, as this is the important metric in our analyses below.
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borrower by an external rating agency.
The loans in our entire sample are issued by 25,839 unique borrowers. On average, we,
therefore, observe 2.8 loans per borrowers. The loans in our matched SNC-Dealscan sample

are issued by 8,729 unique borrowers and 29% of these borrowers have publicly traded shares.

Table 1: Summary Statistics

N Mean SD Source
Loan Characteristics (loan-level)
Maturity (in years) 71,007  4.43 2.20 SNC
Credit lines: Maturity (in years) 37,946  3.92 1.92 SNC
Term loans: Maturity (in years) 14,867  5.12 2.32 SNC
Term A loans: Maturity (in years) 2,842 4.16 2.46 SNC
Term B loans: Maturity (in years) 1,880 5.92 1.88 SNC
Credit lines: Undrawn indicator 37,946 0.28 0.45 SNC
Loan size (in million USD) 71,007 296 651 SNC
Asset-backed loan 71,007 0.07 0.29 SNC
M&A purpose 71,007 0.06 0.23 SNC
General corporate purpose 71,007 0.11 0.31 SNC
Working capital purpose 71,007 0.35 0.48 SNC
Loan ever becomes non-accruing (in %) 71,007  2.64  16.12 SNC
Loan ever receives non-pass rating (in %) 71,007  10.0 30.0 SNC
All-in-drawn spread (in %) 21,355 2.25 1.53 Dealscan
Loan or firm rating observed 21,355 0.35 0.48 Dealscan
Syndicate Characteristics (loan-level)
No. of syndicate members 21,355 8.43 7.50 Dealscan
No. of lenders at first SNC obs. 71,007 24.7 76.9 SNC
Borrower Characteristics (borrower-level)
No. of loans by firm in SNC 25,839 2.75 2.94 SNC
Public firm 8,729 0.29 0.45 Dealscan
Time between two loans 9,367 3.22 2.59 SNC
Time between two credit lines 6,838 3.73 2.70 SNC
Time between two term loans 2,234 3.01 2.59 SNC

Note: This table presents summary statistics for loans included in our sample. Included in the sample are
loans which are observed in SNC between 1993 and 2018 and whose first observation in the SNC data is
within 400 days of origination.
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2.2 Institutional Background on Syndication Process

The next section outlines the syndication process, focusing on when various lenders par-
ticipate in the loan origination process and why some rarely join the initial syndicate.'*
The institutional workings of the syndication process highlight that lender shares at origi-
nation often offer little insight into the ultimate composition of lenders, as participants, like
institutional investors, typically acquire their loan positions only after origination.

A firm that decides to raise syndicated loan financing solicits bids from several potential
arranging banks, which outline their syndication strategy, qualifications, and preliminary
arrangement terms. Before submitting their bids, banks often have a few days to conduct
due diligence on the borrower. Once the firm awards the mandate to a lead arranger (who
often forms a consortium with several co-agents), the involved parties sign a commitment
letter specifying the arrangement fees and preliminary loan terms. From then on, the lead
arranger is the main point of contact for the firm, the orchestrator of the syndication process,
and later the administrative agent who is responsible for maintaining the list of lenders and
coordinating the flow of funds during the life of the loan.'® The main motivation for including
co-agents at the origination stage is to share the commitment across several banks.

Once the commitment letter is signed, the lead arranger and co-agents conduct a more
thorough due diligence of the borrower, draft the marketing material, and — in the case of
loans marketed to institutional investors — work with rating agencies to obtain a loan rating.
On the launch date, the lead arranger and co-agents start the book running process based
on a preliminary credit agreement. The credit agreement governs the terms of the loan deal
such as the collateral, covenants, loan amount and the loan spread. During this process, the

deal is marketed to other banks as well as to institutional investors such as collateralized

14For details on the syndication process with an emphasis on the risk-sharing between firms and banks,
we refer to the description by Bruche et al. (2020).

15This list of lenders is important because the administrative agent manages not only the flow of money,
i.e., the coupon and principal payments, but often also the information exchange between the borrower and
the lenders. The administrative agent’s knowledge of all current holders of the loan make it the ideal market
maker for the loan once the loan starts trading in the secondary market.
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loan obligations (CLOs), loan mutual funds, insurance companies, and pension funds. These
investors then conduct their own due diligence, and engage in discussions with the borrower’s
management during the roadshow. Based on investors’ interest in the deal, the loan terms are
adjusted during the book running process until the deal closes with a final credit agreement
that is signed by banks in the syndicate. Institutional investors typically do not directly
participate in the syndicate. Instead, they commit to purchase loan shares on a “when-
issued basis” on the secondary market from agent banks (so-called “primary assignments”)
as soon as the loan starts trading in the secondary market, i.e., when the loan “breaks to
trade”.

There are two main reasons for primary assignments. First, CLOs, which are the main
institutional investors in the loan market, are typically situated off-shore for tax purposes.
Usually, non-US entities are required to pay US taxes on US income (called “Effectively
Connected Income” (ECI)). However, under the Internal Revenue Code section 864(b)(2)
trading in securities is excluded from this requirement (called the “Securities Safe Harbor”),
which is the basis on which off-shore investment funds can avoid paying US taxes. Lending
into the US, i.e., participating in primary loan syndicates, is not considered to fall under
the “Securities Safe Harbor” (Sicular and Sobol (2003)). Hence, primary syndicate partici-
pation would risk a CLO’s status of being exempt from US taxes. CLOs, therefore, choose
to participate through primary assignments as opposed to participating in the origination
syndicate. Second, the settlement process in the loan market is rudimentary compared to,
for example, the bond market.'® Hence, it is more practical — and better for the borrowers —
if the agent banks transfer the entirety of the funds to the firm and then collect the payments
from all institutional investors (often numbering in the hundreds). For this reason, domestic
mutual funds typically do not participate in the primary market either, but purchase loans

as soon as the loan “breaks to trade”, based on the commitments made during the book

6There is no equivalent to the Depository Trust Company (DTC) in the syndicated loan market that
could act as a central clearing house and custodian. The settlement process in the syndicated loan market
is, therefore, less standardized, involves a lot of information exchange, and takes much longer.
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running process.'”

Figure 1 highlights the changes in the lender structure after origination by comparing the
lender composition at origination (as observed in Dealscan) with the lender composition for
loans that we observe within 10 days after origination (in SNC). Panel A depicts the average
share of a loan that is held by the lead arranger, other banks and funds. It shows that the
average lead share drops in the days after origination.

The sell-off coincides with a large increase in the average share of the loan held by funds
such as CLOs and loan mutual funds. This shift in lender composition is the strongest for
Term B loans, which are most commonly marketed to institutional investors. In fact, the
median share held by the lead arranger for a Term B loan at the first observation in SNC is
zero. Because most of the sales are arranged prior to the active date of the loan, the shift in
lender composition happens within days of origination (see also Internet Appendix Section
B).

The change in the lender composition after origination is also evident when looking at
the average number of lenders by type in the syndicate (Panel B of Figure 1). It shows
that the number of lenders is stable for credit lines, but jumps for term loans. For term B
loans, the average number of lenders jumps from 5 syndicate members to around 180 lenders
after origination. This increase in the number of lenders is strongly driven by funds. It is
also worth noting that few funds participate in the original syndicate. The increase in the
number of lenders is also pronounced for term A loans, for which the average number of
lenders rises from 6 to 20. This is the result of a few term A loans seeing a large influx of
fund investors. By contrast, the median term A loan has almost exclusively bank lenders

and the number of lenders is quite stable (see Internet Appendix Figure B.2).

17 Another reason why loan mutual funds avoid participating in the syndication process is their requirement
to hold active loans for which they can easily determine market prices. This is not possible for loans that
are not trading actively in the secondary market and, as such, it is more difficult for the fund to determine
its net asset value (NAV). Furthermore, the risks, effort, and time associated with underwriting are beyond
the scope of their business interests.
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Figure 1: Lender Composition at and after Origination
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Note: This figure shows the change in the lender structure after loan origination for different types of loans.
Panel A shows the average shares held by each lender group. The first bar (“Syndicate”) is obtained by
using lender shares as reported by Dealscan. The second bar (“Post-Launch”) is obtained by computing
the lender shares at the first observation in SNC. We focus here on loans that we observe within 10 days
of origination, i.e., loans that were originated shortly before an SNC report date. The sample contains all
USD-denominated loans in Dealscan and all loans in SNC. Panel B shows the average number of each lender
type in a loan.

2.8  Guidance for Dealscan Users

We continue by outlining the limitations of relying on lender shares at origination, as reported
in Dealscan. Given that most researchers have access only to Dealscan, we then offer guidance

on how Dealscan users can still approximate bank lending despite these limitations.

Limitations of Dealscan. Relying solely on lender shares observed in Dealscan has several
limitations. First, as Figure 2 shows, the reporting of lead and lender shares has decreased
substantially over time. In recent years, lead shares are reported for less than 10% of term
loans and for less than 1% of institutional term loans (Panel A). The same is true for the
lender shares of any syndicate participant other than the lead arranger (Panel B). The
trend toward non-reporting of lender shares is consistent with the increasing trend toward
origination-to-distribute.

Second, as Internet Appendix Section A documents more formally, the set of loans for

which lender shares are reported is non-random, potentially leading to selection bias. More
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Figure 2: Frequency of Reported Lender Shares in Dealscan
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Note: This figure shows the fraction of loans for (a) the lead share at origination or (b) at least one lender
share at origination is reported in Dealscan. The sample contains the entire sample of USD-denominated
syndicated loans in Dealscan originated between 1993 and 2020.

specifically, lender shares are more often reported for bank-targeted loans and less often
reported for institutional loans. The fact that reported loans are not representative of non-
reported loans may bias the imputation of lending shares — a popular method in the literature
(e.g., Chodorow-Reich (2014)).

Third, as our description of the syndication process highlights, several lenders rarely, if
ever, participate in the original loan syndicate. This implies that the lender composition a
few days after origination often differs significantly from the initial syndicate, underscoring

the limited informativeness of lender shares at origination.

An approximation method for lender shares after origination. Despite these limi-
tations, the literature approximating bank lending using Dealscan information is large and
growing. Before proceeding to our main analysis, we, therefore, provide guidance to re-
searchers who only have access to Dealscan and are interested in the actual loan holdings of
bank lenders after origination. We outline this guidance here briefly and refer the interested
reader to Internet Appendix Section A for more information.

For our guidance, we distinguish two cases: (i) when lender shares are reported in
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Dealscan and (ii) when lender shares are not reported. In case (i), we recommend re-
searchers scale the Dealscan-reported lender shares. We obtain the scaling coefficients by
regressing loan holdings, as observed in SNC, on lender shares at origination, as observed
in Dealscan. In case (ii), when syndicate shares are not reported in Dealscan, we recom-
mend researchers use a predictive model based on loan characteristics commonly available
in Dealscan. We have estimated this model by regressing loan holdings, as observed in SNC,
on these loan characteristics. As we show, this method vastly outperforms existing methods,
such as imputation based on reported loans or equal allocation to all syndicate members,
when predicting actual loan holdings post-origination. We provide code that performs this

task on our websites.

3 Do Lead Arrangers Retain Their Lead Shares?

This section examines lead shares after origination. We first examine the lead share on the
loan level, that is, how much of a given loan is held by the lead arranger, and then explore
the lead share on the borrower level, that is, how much of all outstanding loans to a borrower

are held by the lead arranger.

3.1 Loan-Level Lead Shares

Lead shares at origination are the object of interest in many previous studies (e.g., Sufi 2007,
Ivashina 2009). Since lead arrangers always fund some part of the loan, i.e., the lead share is
always positive at origination, the existing literature has studied variation in the continuous
level of the lead share. In contrast to previous studies, we study lead shares after origination.
This allows us to ask a different question: do lead arrangers retain their lead shares after
loan origination?

To answer this question, we focus on a binary outcome: the lead arranger retains a loan

share or sells the entire loan. In our baseline analysis, we define a loan as “sold” by the lead
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arranger when the lead share is less than 0.5% of the loan amount. We provide robustness
for thresholds of 0%, 0.2% and 1% in the internet appendix. The reasons we choose 0.5% as
a threshold are as follows: First, lead arrangers report rounded loan shares for all investors
to the SNC. If aggregate shares of a loan do not add to 100%, the SNC assigns the missing
amount to the respective lead arranger. Second, lead arrangers are often the primary dealers
of the loans they originate and that trade on a secondary market.'® Hence, they might hold
small loan amounts as dealer inventory. The typical term B loan has 150-200 investors, so
0.5% corresponds to the typical trade size.

We then distinguish two cases of lead share sales: (i) the lead arranger sold its share
prior to the first SNC report date at which the loan is observed, and (ii) the lead arranger
sold its share at some report date over the loan’s life. The interpretation of the first case is
that the lead arranger sold its loan share shortly after loan origination, while in the second

case, the lead arranger sold its loan share at some point over the loan’s life.

Frequency of lead shares sales. We plot the frequency of lead shares sales according
to both definitions in Figure 3. Panel (A) gives equal weight to all loans, while Panel (B)
weights loans by the utilized loan amount.'® The figures show that the lead arranger does
not always retain a loan share. In particular, the lead arranger sells its stake for 9% of loans
directly after origination and for 13% of loans over the loan duration. When we weight loans
by their outstanding loan amount, these numbers rise to 25% and 35%, respectively. This
reflects that lead arrangers are less likely to retain shares in loans with a larger outstanding
loan amount.

The figure reveals stark differences in lead share sales across loan types. While lead

arrangers seldom sell their stake in credit lines, they frequently sell their stake in term

18Lead arrangers are typically tasked with maintaining the list of current lenders to distribute periodic
interest payments on behalf of the borrower. Naturally, the lead arranger often emerges as the main dealer
of that loan in the over-the-counter market because it knows who could sell a loan to an interested buyer or
who might be willing to buy more of a loan from an interested seller.

9As a result, undrawn credit commitments receive zero weight in Panel (B), while institutional term
loans, which are larger, receive more weight.
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loans, particularly in term B loans, which are predominantly held by institutional investors.
Notably, 61% of term B loans — representing 73% of the outstanding term B loan volume —
are sold by the lead arranger. Furthermore, in Internet Appendix Figure C.2, we examine
how these proportions change as we adjust the threshold for lead share sales from 0.5% to
0%, 0.2% or 1%. We find, for instance, that 45% (65%) of term B loans have a lead share of
0% (below 1%).

Figure 3: Frequency of Lead Share Sales by Loan Type
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Note: This figure shows the fraction of loans for which the lead arranger has sold its entire loan share. We
classify a loan as (i) sold after origination if the lead share is less than 0.5% at the first report date after
origination, or as (ii) sold over the loan duration if the lead share is less than 0.5% at any SNC report date.
Panel A weights loans equally, while Panel B weights loans by the outstanding loan amount. We include
only loans first observed in the SNC data within 400 days of origination. The sample contains 71,007 loans,
14,867 term loans, 37,946 credit lines, 2,842 Term A loans, 1,880 Term B loans, and 18,194 other loans (not
shown).

Figure 4 documents that the propensity of lead share sales has been rising over time.
The trend toward more lead share sales is consistent with related trends observed in lend-
ing markets, such as a tightening of bank regulation, the rise of the originate-to-distribute
business model, increased participation of non-banks, and the decline of bank balance sheet
lending (e.g., Bord and Santos 2012, Buchak et al. 2018, Irani et al. 2021, Buchak et al.
2024). In recent years, about 40% of the outstanding loan volume has been sold by lead

arrangers after origination. For the entire sample period, this share is 25%, as reported in

Panel B of Figure 3.
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Figure 4: Frequency of Lead Share Sales over Time
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Note: This figure shows the fraction of loans for which the lead arranger has sold its entire stake when the
loan is first observed in the SNC data, plotted over time. We define a loan as sold by the lead arranger when
the lead share is less than 0.5%. The blue line plots the unweighted fraction, while the red line weights loans
by the outstanding amount.

When does the lead arranger sell? Next, we want to examine when lead share sales
occur. Do they occur right after origination, or are they spread over time? To answer this
question, we use the fact that we observe all loans on set SNC report dates. As a result, we
observe some loans immediately after origination, and other loans only after a substantial
period of time (up to one year) has passed. By comparing these loans, we can examine how
quickly, after origination, the lead arranger sells off its stake.

Figure 5 demonstrates that lead share sales typically occur in the first few weeks after
origination. If an institutional term loan is observed within 10 days of origination, the
likelihood that the lead arranger has sold this loan is already 33%. This likelihood rises to
49% (51%) if the loan is observed within 100 (400) days. Thus, institutional term loans are
sold off fairly quickly after loan origination. This is consistent with our description of the
syndication process (see Section 2.2 above): Many loan sales are arranged before origination
but only executed after that. The long settlement period in the loan market means it takes
some time to transfer the loan ownership. For term A loans, the pattern is more prolonged

and lead share sales occur less quickly.
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Figure 5: Timing of Lead Share Sales
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Note: This figure shows that most lead share sales happen shortly after origination. It shows the fraction
of all loans observed in SNC within a certain number of days (e.g., 10 days) after origination that the lead
arranger sells. We define a loan as sold by the lead arranger when the lead share is less than 0.5%. Loans
are weighted equally.

Which loans does the lead arranger sell? Next, we investigate the characteristics of
loans that the lead arranger sells. Following Sufi (2007) who studies how the continuous
level of the lead share at origination is related to borrower opacity, we relate lead share
sales to four measures of borrower opacity: whether a borrower is (i) private, (ii) unrated,
(iii) unknown (which we define as a firm having issued a below-average number of loans in
the prior SNC sample), or (iv) risky (which we define as the loan having an above-average
all-in-drawn spread). Given that credit lines are rarely sold, we focus our analysis on term
loans.

Figure 6 plots the frequency of lead share sales by borrower type. We find that lead share
sales are more frequent for private and risky borrowers, but less frequent for unknown and
unrated firms. These patterns resemble the structure of the loan market: loans sold to insti-
tutional investors are often issued by risky, and private firms. However, many institutional

investors, such as CLOs, primarily invest in loans that are rated.

Does the lead arranger sell more or less often than other lenders? Next, we com-

pare the likelihood that the lead bank sells its loan share with the likelihood that any other
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Figure 6: Loan-level Lead Share: Heterogeneity by Borrower Type
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Note: This figure shows the frequency of loans for which the lead arranger retains a loan-level lead share
of less than 0.5%. The figure includes all term loans. We define a borrower as “unknown” if it has issued a
below-average number of loans in the prior SNC sample. We define a borrower as “risky” if the all-in-drawn
spread is above the average all-in-drawn spread. “Unrated” indicates that the loan or borrower has no rating.
“Private” indicates whether the borrower is a private firm as reported in Dealscan.

syndicate member sells their loan share following origination. More formally, we estimate

the regression

LoanShareSold;; = 3y + f1LeadAgent, ; + S2ShareAtOrigination,; + & + d;; + €54, (1)

where the dependent variable LoanShareSold;; is one if a lender ¢ (which can be either
a syndicate participant or the lead arranger) sold its entire stake in loan [ at the first
observation in SNC. The unit of observation is, therefore, a loan-bank tuple. The main
explanatory variable LeadAgent,; is a dummy variable that is one if lender 7 is the lead
arranger for loan [ and zero otherwise; the main coefficient of interest is therefore 5; which
determines whether lead arrangers behave differently from other bank participants. We
control for the syndicate share ShareAtOrigination,, in the regression since it is harder to
sell off a larger syndicate share. In addition, we include bank X report date fixed effects, d;,,
which measure the average propensity of bank lender i to sell loans at a given point in time,

independent of whether it acts as lead arranger or not. This coefficient would also absorb
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any selling pressure a bank faces (e.g., Irani and Meisenzahl 2017)). In some specifications,
we also include loan fixed effects, d;, which capture the general propensity of all lenders to
sell a given loan after origination. For example, these fixed effects would be much higher for
institutional term loans intended for institutional investors. We perform this regression on
a matched sample of bank lenders that we observe both in Dealscan and SNC. We compare
lead agents with other bank lenders classified as “Participants” in Dealscan and ignore any

co-syndication agents since their role can be ambiguous.?

Table 2: Loan Share Sales: Lead Arranger vs. Non-Lead Banks

Share sold off by lender
(1) 2) () (4) ) (6)

Lead arranger 0.001 0.005 0.012 -0.006 -0.023 -0.023
(0.007) (0.009) (0.019) (0.023) (0.022) (0.035)
Syndicate share —0.001**  —0.002** —0.002** —0.005** —0.002%** —0.002*
(0.000) (0.001) (0.001) (0.002) (0.001) (0.001)
Lender x report date FE Yes Yes Yes Yes Yes Yes
Loan FE No Yes No Yes No Yes
Mean of dependent variable 0.08 0.08 0.11 0.11 0.18 0.18
R? 0.51 0.70 0.55 0.74 0.35 0.83
N 22,050 22,050 2,031 2,031 10,113 10,113
Loan sample All loans  All loans Term loans Term loans Term loans Term loans
Syndicate shares Observed Observed  Observed Observed Imputed Imputed

Note: This table shows the results of regression (1). The dependent variable is a dummy variable that
is one if a syndicate bank sold its loan share at the first observation in SNC and 0 otherwise. The unit
of observation is a bank-loan observation. We only include syndicate banks classified as “Lead Agents” or
“Participants” in Dealscan. Columns (1) to (4) focus on loans for which we observe the syndicate shares in
Dealscan. Columns (5) and (6) focus on loans for which we do not observe the shares, and we control for
imputed lender shares. Standard errors are clustered by bank lender and by SNC report date. Significance
levels: *(p<0.10), **(p<0.05), ***(p<0.01).

Table 2 shows that lead arrangers are not more or less likely to sell their stake in a

given loan than any other syndicate member. The coefficient of the lead arranger dummy in

20This means we drop arrangers with a more minor role in the syndication process. For this section,
we define lead agents following the prior literature (Sufi (2007)): We assign the lead agent role first to the
“admin agent”. If there is no “admin agent” in the syndicate, we choose any lender with the title “Agent”,
“Bookrunner”, “Joint arranger”, “Lead bank”, “Lead manager”, “Mandated Lead arranger”. Suppose there
is also no lender with such a title. In that case, we choose any of the lenders with the title “Co-agent”,
“Co-arranger”, “Collateral agent”, “Coordinating arranger”, “Documentation agent”, “Managing agent”,
“Syndications agent”. If several agents have the same title, we choose the one with the highest lender share
at origination. Otherwise, we randomly draw the lead agent. Our results are unchanged if we use the lead
agent classification from SNC alone (not reported).

24



column (1) is statistically indistinguishable from zero. Including loan fixed effects in column
(2), leads to the same conclusion. Columns (3) and (4) focus on term loans. The essence of
the results is the same: The lead arranger is as likely to sell its stake as any other syndicate
member after origination.

However, this analysis relies on a small and selected sample for which we observe the
lender shares at origination (see the discussion in Section 2.3). Therefore, it is not clear
whether our results are generally valid for all syndicated loans. To address this, we rerun
the above regressions using the majority of term loans for which Dealscan does not report
syndicate shares in columns (5) and (6). We impute missing lender shares for the origi-
nal syndicate based on the observed shares of syndicates with a similar structure, following
Chodorow-Reich (2014). The conclusion remains the same, lead arrangers are not signifi-
cantly less likely to sell their share than other participants. In addition, we compare the
selling propensity of lead agents and other lenders between the first and the second ob-
servation in SNC, focusing on loans that we observe at most one month after origination.
The results shown in Internet Appendix Section C.1, confirm the conclusion that the selling

propensity of lead agents is similar to that of other syndicated members.

3.2  Borrower-Level Lead Shares

Even when a lead arranger sells off a particular loan, it might still have exposure to the
borrower through other loans. For one, loans are often arranged as part of loan deals.
For another, borrowers might have other loans outstanding that the lead arranger holds.
Accordingly, it might be more economically meaningful to investigate the entire exposure
of a lead arranger to a borrower. We call this “borrower-level” lead shares in the following

sections.

Frequency of low borrower-level lead shares. To compute borrower-level lead shares,

we aggregate the total exposure of a lead arranger to the borrower across all loans — including
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undrawn credit commitments and loans in which the lender is only a participant— and divide
it by the total loan amount originated by the lead arranger on behalf of the borrower. This,
in essence, is the borrower-level lead share. For each loan, we then compute the borrower-
level lead share immediately following origination as well as the minimum borrower-level
lead share over the loan duration.

Unsurprisingly, we find that borrower-level lead shares are much higher than loan-level
lead shares. Putting it differently, the frequency of low or zero borrower-level lead shares
is lower since lead arrangers often hold exposure through other loans. Panel A of Figure 7
reports that the total borrower-level lead share is below 0.5% for 8% (10% volume weighted)
of newly originated term loans. These numbers rise to 12% (20%) if we count borrower-level
lead shares below 2%. If we instead investigate the minimum exposure over a loan’s life
(Panel B), we find higher occurrences of low borrower-level lead shares. The borrower-level
lead share is below 0.5% for 10% (16% volume-weighted) of term loans, below 2% for 16%
(28%) of term loans, and below 5% for 29% (52%) of term loans at least once over the loan

duration (Panel B).

For institutional term loans, low borrower-level exposure occurs more often. The borrower
level lead share falls below 0.5% for 12% (12% volume-weighted) of loans, below 2% for 21%
(24%) of loans, and below 5% for 44% (57%) of loans at the time a newly arranged loan is
first observed (Panel A). Again, the shares are somewhat higher when considering the min-
imum exposure over the entire loan duration. For instance, for 28% (34% volume weighted)
of term B loans the borrower-level lead share is less than 2%. Overall, these facts highlight
that even when considering the entire loan exposure of the lead arranger to the borrower,
including through undrawn credit lines, we find several instances where the lead arranger
has near-zero exposure to the borrower.

The share of loans with low borrower-level lead shares may appear high in light of other
studies finding that 80-90% of firms have an outstanding credit line (e.g., Sufi 2009, Berlin

et al. 2020). Given that lead arrangers almost always retain credit lines, one might expect
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the share of term loans with low borrower-level lead shares to be lower. However, in Internet
Appendix Section D, we show using both Dealscan and SNC data that the numbers we obtain
can be explained by the fact that our sample contains all firms accessing the syndicated loan
market while other studies often focus exclusively on public firms (since these studies often
rely on SEC filings). Private firms are less likely to have a credit line outstanding. Consistent
with our analysis, Greenwald et al. (2023) document that only 60% of small firms have an

outstanding credit line.

Which loans have low borrower-level lead shares? Next, we investigate the char-
acteristics of loans in which the lead arranger holds little to no exposure to the borrower.
As in the loan-level analysis above, Figure 8 shows lead arrangers have low exposure to the
borrower for term loans issued by private, rated, known, and risky borrowers.

Overall, the analysis of borrower-level lead shares reveals that lead arrangers often have
exposure to the borrower through other loans when selling term loans. However, there is
also a non-trivial share of loans for which the lead arranger has almost no exposure to the
borrower through other loans. Like the loan-level lead shares, borrower-level lead shares are

particularly small for institutional loans issued by risky borrowers.
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Figure 7: Borrower-Level Lead Shares
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Panel B: minimum exposure over loan duration
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Note: This figure shows the fraction of loans for which the borrower-level lead share falls within a certain
range. To compute borrower-level lead shares, we aggregate the total exposure of a lead arranger to the
borrower across all loans (in SNC) — including loans in which the arranger is only a participant — and divide
it by the total outstanding loan amount originated by the arranger on behalf of the borrower. In Panel A
we focus only on the first time a new loan is observed and in panel B we we use the minimum borrower-level
lead share across all SNC report dates for each loan.
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Figure 8: Borrower-level Exposure: Heterogeneity by Borrower Type
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Note: This figure shows the frequency of loans for which the lead arranger retains a borrower-level lead
share of less than 2%. The figure includes all term loans. We define a borrower as “unknown” if it has
issued a below-average number of loans in the prior SNC sample. We define a borrower as “risky” if the
all-in-drawn spread is above the average all-in-drawn spread. “Unrated” indicates that the loan or borrower
has no rating. “Private” indicates whether the borrower is a private firm as reported in Dealscan.

4 Do Lead Share Sales Lead to Worse Loan Perfor-
mance”?

The observed reduction in lead share after origination may have implications for loan per-
formance, particularly as this reduction occurs most frequently in the riskiest loans sold to
institutional investors. Low lead shares might reduce the incentive of the lead arranger to
screen and monitor the borrower, and it might lead to adverse selection. Relatedly, influ-
ential studies find that reduced skin in the game for mortgage originators leads to worse
mortgage performance (e.g. Keys et al. 2010, Purnanandam 2011, Keys et al. 2012, Begley
and Purnanandam 2017). In the following, we, therefore, relate lead share sales to loan

performance in the syndicated loan market.
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Figure 9: Illustration of the Timing of Equation 2
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Note: This figure illustrates the timing of regression 2. We relate lead arranger sell-offs before the first time
the loan is observed in SNC with future performance issues. We focus on issues that only occur after the
sell-off occurred and exclude loans that already have an issue at the first SNC observation.

4.1  Loan-level Lead Shares

We start by estimating the relationship between loan-level lead share sales and loan perfor-
mance. We regress the ex-post performance of a loan on a dummy that indicates whether

the lead share was sold by the lead arranger by the time the loan is first observed in SNC:

ProblemAfterLoanSold; ;_,r = By + f1LeadShareSold,; ; + SoLoanRisk; + 53X, + €14, (2)

where ProblemAfterLoanSold;;,7 is a dummy variable that is 1 if loan [ becomes non-
accruing at any SNC report date after the first report date t. The main explanatory variable
LeadShareSold;; is an indicator that is 1 if the lead arranger of loan [ sold its entire loan
commitment at the report date ¢ at which the loan is first observed in SNC and 0 otherwise.
The timing of our empirical design is further illustrated in Figure 9. We exclude loans
that are already non-accruing at the first report date.?! This eliminates any potential cases
where the lead arranger sold its share after — and perhaps because — a problem with the loan
occurred.

In order to capture adverse selection on unobservable risk and lax monitoring after the
loan sale, we need to condition on the ex-ante observable risk of the loan. We do this with two
main risk measures: (a) the all-in-drawn spread of the loan and (b) the internal risk rating of

the lead arranger. Additionally, we control for loan characteristics such as dummies for term

2INote that this drops only 75 observations from the sample containing all loan types, and 40 observations
from the term loan sample. Our qualitative results are unchanged if we include these loans.
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loans, term B loans, and leveraged loans, as well as the logarithm of the total loan amount,
the time since origination, and the loan maturity. We include industry x date fixed effects in
some specifications, which absorb any time variation in industry-specific loan market stress.
These fixed effects would, for example, capture stress in oil-producing industries during the
oil price crash in 2014. One might also be concerned that other bank-specific explanations
affect our results. For example, a lead arranger wanting to boost its market share might
offer a spread to its borrowers that is too low relative to the default risk. This might make
it harder to sell off these loans. Therefore, we include lead arranger x report date fixed
effects to compare the performance of sold loans with retained loans arranged by the same
lead arranger at the same time.

Table 3 reports a positive or no relationship between loan performance and lead share
sales, depending on the specification. The regression coefficient in column (1) of Panel A
implies that a lead share sale is associated with a 1.5 percentage point lower probability
that the loan becomes non-accruing in the future. The unconditional probability of a loan
becoming non-accruing is 2.4% in the matched data sample, implying that a lead share sale
coincides with a 60 percent lower likelihood of the loan becoming non-accruing relative to
the unconditional probability. The results remain similar when including lead arranger x
date fixed effects (column (2)).

We use bank internal risk ratings of the loan as risk controls in column (3). We are
therefore comparing loans the lead arranger reports to be equally risky. Since not all banks
apply the same risk metrics, we include arranger-specific ratings so that the regression is not
biased by some arrangers reporting systematically better ratings than others. Again, we find
a positive relationship between lead share sales and future loan performance. Loans sold
by the lead arranger are nearly 50% less likely to become non-accruing over their duration,
holding the internal risk rating constant.

In columns (4) to (6), we confirm that the positive relationship between lead share sales

and loan performance remains when we focus on term loans. Term loans are up to 50
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Table 3: Performance: Sold vs. Retained Loans

Panel A - Non-accruing

Loan becomes non-accruing

(1) 2 (3) (4) (5) (6)

Lead share sold -0.015** -0.013** -0.011*** -0.012* -0.008 -0.007*

(0.006) (0.006) (0.003) (0.007) (0.007) (0.004)
All-in-drawn spread 0.013*** 0.012%** 0.010*** 0.009***

(0.002) (0.001) (0.002) (0.001)
Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead agent x report date FE No Yes Yes No Yes Yes
Bank internal loan rating No No Yes No No Yes
Mean of dependent variable 0.024 0.024 0.023 0.027 0.027 0.024
R2 0.048 0.162 0.283 0.065 0.235 0.341
N 21,280 21,280 29,075 5,566 5,566 11,737
Loan sample All Loans All Loans All Loans Term Loans Term Loans Term Loans

Panel B - Non-pass rated

Loan receives ‘non-pass’ rating

(1) (2) 3) 4) () (6)

Lead share sold -0.035***  -0.042***  -0.018*** -0.015 -0.024** -0.002

(0.009) (0.008) (0.006) (0.011) (0.011) (0.009)
All-in-drawn spread 0.040***  0.041*** 0.022%** 0.023***

(0.004) (0.004) (0.003) (0.004)
Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead agent x report date FE No Yes Yes No Yes Yes
Bank internal loan rating No No Yes No No Yes
Mean of dependent variable 0.099 0.099 0.082 0.090 0.090 0.079
R? 0.086 0.199 0.272 0.093 0.263 0.341
N 20,027 20,027 26,959 5,036 5,036 10,589
Loan sample All loans All loans All loans Term loans Term loans Term loans

Note: This table shows the results of regression 2. The unit of observation is a loan (i.e., every loan
is included only once in the analysis). The dependent variable is a dummy variable that is 1 if the loan
becomes non-accruing (Panel A) or non-pass rated (Panel B) at any SNC report date after the report date
that follows the loan origination date and 0 otherwise. The main independent variable LeadShareSold is a
dummy variable that is 1 if the lead arranger has sold its entire loan share at the first SNC report date and
0 otherwise. The sample is restricted to loans for which the first observation in the SNC data is within 400
days of the origination of the loan. We exclude any loan for which the dependent variable already takes the
value of 1 at the first observation, e.g., the loan is already non-accruing. Included as loan controls are a term
loan dummy, a Term B loan dummy, a leveraged loan dummy, the logarithm of the total loan amount, the
time since origination, the loan maturity and the all-in-drawn spread (in percent). The all-in-drawn spread
is obtained from Dealscan. Standard errors are clustered by lead agent and by SNC report date. Significance
levels: *(p<0.10), **(p<0.05), ***(p<0.01).
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percent less likely to become non-accruing — relative to the unconditional mean — if the
agent retains no stake in the loan. This suggests that lead share sales do not lead to worse
loan performance.

The results remain robust across various performance measures. In Panel B, we assess
loan performance using a binary indicator that equals one if the loan receives a non-pass
rating by bank examiners and zero otherwise (see above for a discussion of non-pass ratings).
The analysis reveals that sold loans are 0.2 to 4.2 percentage points less likely to receive a
non-pass rating, indicating that sold loans perform at least as well as, if not better than,

retained loans.

Robustness. To further ensure the robustness of our findings, we conduct a series of addi-
tional tests reported in Internet Appendix Section C.2. First, we vary our sample selection
criteria, choosing to drop loans originated before 1993 instead of loans first observed within
400 days in Appendix Table C.6. We find very similar results. Second, we vary the threshold
for lead share sales. Our conclusions remain unchanged when we define a loan as being sold
by the lead arranger either (i) if the lead share is 0%, or (ii) if the lead share is below 1%.
Third, we vary our controls for the ex-ante riskiness of the loan by using external risk ratings
from rating agencies, non-linear and non-parametric controls for loan spreads, and omitting
risk ratings entirely. Across these specifications, we consistently find a positive relationship
between lead share sales and loan performance. Fourth, we restrict our sample to loans
observed within 90 days of origination, ensuring that the sales occurred immediately post-
origination without time for significant new information to be disclosed. Fifth, we examine
the cross-section of firms, focusing specifically on smaller and more opaque firms. The pos-
itive relationship between lead share sales and performance persists in this subset. Lastly,
we analyze how loan prices respond to lead arranger sales by matching secondary market
loan prices, as reported by LSTA, to our dataset. We use the secondary market price closest

in date to the first SNC observation of the loan. We find that secondary market prices are
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uncorrelated with whether the lead arranger sold its stake. This result holds across various
risk control specifications and aligns with our broader conclusion that lead share sales are

not perceived to affect loan performance negatively.

4.2 Borrower-level Lead Shares

Next, we assess the relationship between borrower-level lead shares and loan performance.
Since borrower-level lead shares are generally higher than loan-level lead shares and the
frequency of zero borrower-level lead shares is lower, we group borrower-level lead shares
into four groups of 0-2%, 2-5%, 5-10%, and above 10%, and relate performance to these
groups. Investigating binary sell-off decisions or continuous borrower-level lead shares yields
the same conclusions, and the results are reported in Internet Appendix Table C.19 and
C.20.

Table 4 finds no evidence that loans with low borrower-level lead shares perform worse.
Instead, the table shows that a borrower-level lead share of 0-2% is associated with better
loan performance than if the lead share is above 10% (our reference group). In other words,
if the lead arranger retains little borrower exposure, the likelihood of the loan becoming non-
accruing is lower. When examining loans for which the lead share is between 2-5% or 5-10%,
we find no evidence that the borrower-level lead share and loan performance are related. As
with the loan-level analysis, there is little evidence that loans with low borrower-level lead
shares perform worse. If at all, the evidence points in the other direction.

This is confirmed when measuring loan performance with a dummy variable that is one
if the loan is rated as non-pass by bank examiners and zero otherwise (Table 4, Panel B).
Loans with a borrower-level lead share above 10% are not less likely to receive a non-pass
rating by examiners. If anything, they are more likely to be non-pass rated than loans with
borrower-level lead shares between 0 and 2%.

Overall, we find no evidence that low lead arranger exposure, whether measured at the

loan level or the borrower level, is linked to a higher frequency of loan defaults.
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Table 4: Performance: Borrower-level Lead Shares

Panel A - Non-accruing

Loan becomes non-accruing

(1) 2) 3) 4) () (6)

Borrower-level lead share [0,2%) -0.010 -0.011 -0.014** -0.017* -0.021** -0.017**
(0.009) (0.009) (0.005) (0.009) (0.010) (0.006)
Borrower-level lead share [2,5%) 0.006 0.006 -0.002 -0.003 -0.006 -0.005
(0.006) (0.007) (0.008) (0.011) (0.013) (0.010)
Borrower-level lead share [5,10%) -0.003 -0.002 -0.001 -0.016* -0.014 -0.005
(0.004) (0.005) (0.004) (0.008) (0.008) (0.006)
All-in-drawn spread 0.012%** 0.012%** 0.010*** 0.009***
(0.003) (0.003) (0.003) (0.002)
Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead agent x report date FE No Yes Yes No Yes Yes
Bank internal loan rating No No Yes No No Yes
Mean of dependent variable 0.024 0.024 0.023 0.027 0.027 0.024
R? 0.048 0.162 0.283 0.066 0.236 0.341
N 21,280 21,280 29,075 5,566 5,566 11,737
Loan sample All Loans All Loans All Loans Term Loans Term Loans Term Loans

Panel B - Non-pass rated

Loan receives ‘non-pass’ rating

(1) 2) () 4) (%) (6)

Borrower-level lead share [0,2%) -0.021 -0.032* -0.022* -0.014 -0.038* -0.022**

(0.017) (0.018) (0.012) (0.015) (0.021) (0.009)
Borrower-level lead share [2,5%) 0.024** 0.019* -0.003 0.017 0.005 -0.010

(0.010) (0.011) (0.011) (0.018) (0.011) (0.011)
Borrower-level lead share [5,10%)  -0.011** -0.011** -0.008 -0.014 -0.026** -0.015

(0.004) (0.004) (0.008) (0.010) (0.013) (0.010)
All-in-drawn spread 0.039*** 0.041*** 0.021*** 0.023***

(0.005) (0.004) (0.004) (0.004)
Loan Controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead Agent x report date FE No Yes Yes No Yes Yes
Bank internal loan rating No No Yes No No Yes
Mean of dependent variable 0.099 0.099 0.082 0.090 0.090 0.079
R2? 0.084 0.197 0.271 0.093 0.264 0.341
N 20,027 20,027 26,959 5,036 5,036 10,589
Loan sample All Loans All Loans All Loans Term Loans Term Loans Term Loans

Note: This table shows the results of regression 2 but with the borrower-level lead share as independent
variable. The specification is as in Table 3, except for the main independent variable. The main independent
variables BorrowerLeadShares are dummy variables that are 1 if the borrower-level lead share is within a
certain range. Standard errors are clustered by lead agent and by SNC report date. Significance levels:
*(p<0.10), **(p<0.05), ***(p<0.01).
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5 Information Asymmetry Theories

After having laid out new facts about lead shares and loan performance, we discuss how our
findings align with different financial intermediation theories with asymmetric information.
These models typically feature two types of agents: (i) an arranger who has unique access to
borrowers but a higher discount rate (e.g., due to high capital charges) and (ii) investors who
have lower discount rates. This ensures potential gains from trade when arrangers originate
loans and distribute them to investors.

However, the set-up gives rise to an information asymmetry problem between the arranger
and the outside investors either due to a moral hazard or an adverse selection problem. Moral
hazard may arise because the arranger has to exercise costly and unobservable screening and
monitoring efforts to improve loan performance. Adverse selection may occur because the
arranger has more information about the borrower, for example, because it is the delegated
screener or because it has a prior relationship with the borrower.

Benchmark models differ along two dimensions. First, models typically feature either an
adverse selection or a moral hazard problem. Second, models are either static or dynamic.
Dynamic models relax the assumptions that the arranger makes an immediate, one-time
selling decision and that arrangers and investors interact only once. Since the predictions
are similar for adverse selection and moral hazard models but differ between static and

dynamic models, we focus on the static-dynamic dimension in our discussion below.

5.1 Static Models

Classic, static models of adverse selection (Leland and Pyle 1977) and moral hazard (Gorton
and Pennacchi 1995, Holmstrom and Tirole 1997) feature a single and immediate decision
by the arranger on how much to sell (or, equivalently, retain) of a loan they originate.
Moreover, the arranger and investors interact only once. In these models, the arranger

retains a significant stake in the loan to signal the loan quality and to have enough skin in
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the game to monitor and screen the loan. Without a significant lead share, lead arrangers
would not adequately screen and monitor the borrower, leading to worse loan performance.
Similarly, in adverse selection models, a low lead share signals low borrower quality and,
thus, poor loan performance.

Our findings that (a) lead arrangers frequently sell the loan-level lead share for institu-
tional term loans and (b) this is not associated with worse loan performance may appear at
odds with static models. However, the lead arranger frequently originates and retains other
types of loans, such as credit lines, alongside the institutional term loan, thereby maintaining
exposure to the borrower. Cross-default clauses link defaults across all outstanding loans.
As such, any retained exposure may act as a credible signal of borrower quality and may
align the arranger’s incentives with effective screening and monitoring, consistent with static
models.

Is the arrangement where lead arrangers sell term loans while retaining credit lines the
optimal form of exposure according to static models? In these models, the optimal contract
seeks to maximize the gains from trade while ensuring that lead banks maintain sufficient
exposure to effectively screen and monitor borrowers. These models suggest that lead ar-
rangers optimally retain a junior tranche, such as a second-lien loan, while selling senior
tranches (DeMarzo and Duffie 1999, Hébert 2018). This structure provides the arranger
with maximum economic exposure while maximizing the amount sold to other investors.
Therefore, this raises the question of whether the empirically observed practice where lead
arrangers sell term loans while retaining (often undrawn) credit lines can be optimal within
the framework of these models.

On the one hand, holding a credit line may provide weaker economic exposure compared
to an equivalent dollar amount in a term loan. Credit lines are frequently backed by spe-
cific collateral, such as accounts receivable, resulting in higher recovery rates upon default

compared to term loans (historical medians are 95% vs. 80%).?> Therefore, selling term

22These numbers are based on US corporate recovery rates from 1987-2023 as reported in S&P’s US Recov-
ery Study (https://www.spglobal.com/ratings/en/research/articles/231215-default-transition-and-recovery-
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loans while retaining credit lines appears inconsistent with a narrow interpretation of static
models, as banks retain a senior instead of junior claim on the borrower and its collateral.

On the other hand, retaining undrawn credit lines significantly reduces regulatory capital
requirements, as only 20-50% of the undrawn credit line amount counts toward risk-weighted
assets. Despite this, credit lines expose arrangers to borrower default risk, particularly
during market downturns when they are more likely to be drawn (Acharya and Steffen 2020,
Chodorow-Reich et al. 2022).

Therefore, by selling term loans to institutional investors while retaining credit lines of
risky borrowers, arrangers might effectively balance economic exposure to borrowers with
regulatory capital requirements. This approach potentially maximizes the gains from trade
when regulatory constraints are considered, consistent with static models in a broader sense.
Moreover, this strategy aligns with the rise of split-control-rights loan deals, in which main-
tenance covenants are concentrated in credit lines but omitted from term loans (Berlin et al.

2020).

5.2 Dynamic Models

However, retaining the borrower’s other outstanding loans seems unlikely to be the only
mechanism that solves information asymmetry problems in the syndicated loan market.
After all, there are a non-trivial number of loans for which the lead arranger retains no
significant exposure to the borrower and these loans do not perform worse.?® This is difficult
to explain with static models but consistent with recent dynamic models.

Dynamic models relax the assumption that loan sales are static decisions and thus are
more general, leading to alternative predictions. Hartman-Glaser et al. (2012) and Gry-

glewicz et al. (2024) propose moral hazard models in which loan sales can occur at any point

u-s-recovery-study-loan-recoveries-persist-below-their-trend-12947167)

23Further supporting this conclusion, we show that lead arrangers are not more likely to retain a borrower’s
other outstanding loans when selling a loan, indicating that such retention is unlikely to be the only incentive
mechanism substituting for the missing loan-level lead share (see Table D.3 in the Internet Appendix).
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during the loan duration. The optimal contract in both models features temporary, not
permanent, exposure by the arranger to the loan. Early sales maximize the gains from trade
while still giving arrangers some incentive to screen the borrower.

Hartman-Glaser (2017) and Winton and Yerramilli (2021) extend the classic adverse
selection and moral hazard models by allowing for repeated interactions between the seller
and buyers. In these models, arrangers’ concern about their reputation rather than loan
retention solves information asymmetry problems. This is consistent with our evidence that
loans without significant borrower-level lead share do not perform worse.

In the following, we test predictions that follow from these dynamic models. We start
with dynamic models that propose temporary exposure as an incentive mechanism before
turning to tests of dynamic models with reputation concerns. We find support for both types

of dynamic models.

5.2.1 Pipeline Risk

In the syndicated loan market, the lead arranger might have temporary exposure to the
borrower during the syndication process (similar to the “inventory risk” discussed in Keys
et al. (2012)). Before promoting the deal to investors during the syndication process, the lead
arranger often guarantees an upper limit in the loan spread.?* When during the syndication
process (which takes about 45 days on average) investors’ loan demand falls short, the lead
arranger has to step in and retain the residual amount of the loan. Bruche et al. (2020)
refer to the risk that the lead arranger needs to retain the portion of the loan that could
not be sold at the promised spread limit as “pipeline risk”. Pipeline risk materializes during
the loan syndication process when negative news about the borrower emerges, or investor

demand falls sharply due to a deterioration in market conditions.?®

24Note that this is the case in an underwritten syndication, but not in a best-efforts syndication. See
Bruche et al. (2020) for a detailed description of the syndication process and the pipeline risk faced by the
lead arranger.

25Pipeline risk is also discussed frequently in the news, for example in a recent Financial Times article
“Deutsche faces big hits on US leveraged-loan losses” which appeared on June 25, 2019. The article discusses
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Therefore, lead arrangers are exposed to the borrower during the syndication process and
thus should have an incentive to screen the borrower properly.?® This is reminiscent of the
arguments in Hartman-Glaser et al. (2012) and Gryglewicz et al. (2024).

In principle, the lead arranger could take an immediate loss and sell the retained stake
to investors at a lower price when pipeline risk materializes. However, in the pipeline risk
model proposed by Bruche et al. (2020), the lead arranger optimally chooses not to do so if it
cannot perfectly observe investors’ true demand for the loan. In this case, it needs to ration
investors by retaining a part of the loan when investors express little demand to induce them
to tell the truth.

Therefore, we start testing for pipeline risk by examining whether the propensity of lead
share sales depends on news about the borrower during the syndication process. We estimate

the regression

LeadShareSold,; ; = fy + 51 BorrowerInformation; ;45 + 52 X1+ + €14, (3)

where LeadShareSold;, is an indicator of whether the lead arranger of loan [ sold its share
and the explanatory variable Borrower Information; ;—45,; serves as a measure of shocks to
investor demand in the 45 days prior to origination. We use (i) changes in the average price
of the borrower’s other outstanding loans, (ii) changes in aggregate loan prices (as measured
by the S&P/LSTA US Leveraged Loan Index) and (iii) the idiosyncratic volatility in the
borrower’s stock price (for public firms). While the first and last variable directly measure
a change in the borrower’s fundamentals, the second reflects changes in market-wide news.

X+ is a vector of loan and borrower variables. We also include lead arranger x report date

the losses of Deutsche Bank related to its leveraged loan underwriting. More explicitly, the article says, “The
bank was forced to take a loss on a $340m loan backing the leveraged buyout of Smart & Final after investors
refused to buy the debt under the original terms offered,” and, “A second, much bigger deal — a EUR 1.5bn
loan funding the buyout by Advent International, a private equity group, of a plastics business owned by
Evonik — also faced a lukewarm reception from investors.”

26Bruche et al. (2020) speak of the underwriting agreement specifying the risk sharing between the
borrower and the arranging banks regarding loan demand. In this sense, one can think of the lead arranger
providing the borrower insurance against changes in loan demand in underwritten deals. Like any insurance
provider, the lead arranger is incentivized to conduct due diligence on the policyholder.
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fixed effects capturing the tendency of a lead arranger to sell off its loans at a given point in
time.

Table 5 shows results consistent with pipeline risk. Column (1) shows that a one percent
fall in the price of other loans by the borrower is correlated with a one percentage point
drop in the likelihood that the arranger can sell off the loan. Column (2) documents a
similar, albeit statistically insignificant, relationship between lead share sales and aggregate
loan market conditions. A one percent fall in aggregate loan prices is associated with a
0.3 percentage points decline in the selling probability. Column (3) documents that a one
percentage point higher idiosyncratic volatility during the syndication is associated with a
0.9 percentage point lower selling probability. Overall, the results are consistent with new
adverse information about the firm making it less likely that the lead arranger sells off the
loan.?” We view this as suggestive evidence for pipeline risk, complementing the evidence in
Bruche et al. (2020). The revelation of new adverse information can change the ability of
an arranger to sell off the loan (without loss), therefore incentivizing good and safe ex-ante
selection.?

Pipeline risk may also explain why retained loans perform worse than sold loans. If the
lead arranger’s prior commitment to the firm prevents it from fully adjusting the loan spread
when negative information arises during syndication, then retained loans are overpriced (i.e.,
have a spread that is too low given the new information). Therefore, conditional on the initial
spread, retained loans should perform worse. To test this, we relate the difference in ex-post

performance of sold and retained loans to the arrival of good and bad news during the

2"In Internet Appendix Section E, we show that the results are very similar when using the continuous
lead share as the dependent variable, i.e., when not only considering the extensive margin.

28 A precise analysis of whether this incentive is sufficient for the lead bank to screen and monitor is difficult
(in part because banks’ monitoring/screening costs are not observable). Nonetheless, we can calculate banks’
benefit from lower default rates and assess whether this is large. If one takes the probability of a lead arranger
being unable to fully sell an institutional term loan at origination — which is 48% based on Panel B of Figure
3 — then the average bank would suffer losses of $60 million when it shirks from screening such that the
default probability of its borrower pool increases by 10 percentage points. For this, we multiply the average
volume of institutional loans from 2018-2020 ($333 billion), the average market share of a Top20 bank in 2020
(4.3%), a typical recovery rate for institutional term loans of 50%, and the average lead share in institutional
term loans conditional on a materialization of pipeline risk (18%).
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Table 5: Pipeline Risk and Retained Shares

Lead share sold

Loan becomes non-accruing

() (2) 3) 4)

©)

(6)

ABorrower’s loan price 0.011* —0.005***
(0.006) (0.001)
ALSTA Leveraged Loan Index 0.003 —0.002
(0.003) (0.003)
Borrower’s stock volatility —0.009* 0.008***
(0.005) (0.001)
Lead share sold x ABorrower’s loan price 0.005**
(0.002)
Lead share sold x ALSTA Lev. Loan Index 0.011*
(0.006)
Lead share sold x Borrower’s stock volatility —0.009**
(0.003)
Lead share sold —0.038** —0.013 0.010
(0.014) (0.008) (0.007)
Loan controls Yes Yes Yes Yes Yes Yes
Lead agent x report date FE Yes Yes Yes Yes Yes Yes
R? 0.487 0.484 0.528 0.308 0.236 0.662
N 619 9,883 2,103 614 9,848 2,099
Loan sample All loans  All loans All loans  All loans  All loans  All loans

Note: This table shows the results of regression (3) in columns (1)-(3) and regression (4) in columns (4)-(6).
The unit of observation is a loan. ABorrower’s loan price is the 45-day price change in other outstanding
ALSTA Leveraged Loan Index is the 45-day change in the
S&P/LSTA US Leveraged Loan Index prior to origination. Borrower’s stock volatility is computed using
daily equity returns in excess of predicted returns in a 45-day window prior to origination, measured in
percent. Predicted returns are based on beta estimated with daily returns prior to the syndication process.
The sample is restricted to loans for which the first observation in the SNC data is within 90 days of the
origination of the loan, in order to focus on loans that are immediately observed after origination. The loan
controls are the time since origination, the loan maturity, the logarithm of the loan amount, a leveraged loan
dummy, a term loan dummy, a Term B dummy and the all-in-drawn spread. The standard errors are clustered

loans of the borrower prior to origination.

by lead arranger and by SNC report date. Significance levels: *(p<0.10), **(p<0.05), ***(p<0.01).
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syndication process:

ProblemAfterLoanSold; ;.7 = By + 1 BorrowerInformation; ;_45_+ + S2LeadShareSold, ;

+BsBorrowerInformation; ;—45-,+ X LeadShareSold;; + 5,X;; + €14.

(4)

Columns (4) to (6) of Table 5 document that the difference in performance between sold
and retained loans widens when there is a negative shock to the borrower. Specifically, when
the prices of the borrower’s other loans drop by one cent during the syndication process, the
difference in the probability of becoming non-accruing between sold and retained loans widens
by an additional 0.5 percentage points. Similarly, the differential probability of becoming
non-accruing — between sold and retained loans — widens if aggregate market conditions
deteriorate. The empirical results are consistent with pipeline risk at least partly explaining

why retained loans perform worse.?’

5.2.2  Reputation Risk

A second possible motivating factor for a lead arranger to carefully select loans maybe repu-
tational concerns (e.g., Hartman-Glaser (2017), Winton and Yerramilli (2021)). For instance,
in the repeated game model of Winton and Yerramilli (2021), defaults of previously arranged
loans (imperfectly) signal to investors the arranger’s past monitoring efforts. Following de-
faults, lenders punish the arranging bank by purchasing less from it. This is costly for the
lead arranger since it must either hold more of these loans, leading to high capital charges,

or it must reduce its arranging activity, leading to a loss in arranger fees. This incentivizes

29While our results indicate that pipeline risk helps explain why lead arrangers on average end up holding
worse loans than other investors, this still leaves open the question of why lead arrangers are willing to
participate in this equilibrium. An obvious explanation is that underwriting loans is a lucrative business.
Though lead banks risk ending up holding loans that pay a spread that is too low for the loan risk, they receive
compensation through underwriting fees. These fees are typically 2-3% of the loan volume for underwritten
loan deals (Bruche et al. (2020)). Assuming a recovery rate of 50% for non-accruing loans, our results from
Table 3 suggest that about one fifth of the underwriting fees are compensation for retaining worse loans.
The cost of retaining worse loans is the average recovery rate of 50% multiplied by the difference in the
probability of becoming non-accruing for retained vs. sold loans of one percent from Column 2 of Table 3.
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the arranging bank to monitor the borrower, reducing the probability of default. The model
predicts that following defaults in loans it has arranged, the lead arranger is less likely to
sell its loan stake. Wary of this punishment, it might be optimal for the lead arranger to
arrange fewer loans, giving up market share.

We test this by regressing either (a) the lead arranger’s market share or (b) the share of
originated loans it sold off in a given year, on the share of outstanding loans arranged by
the same bank which have turned non-accruing. For this, we collapse the SNC data to the

lead arranger-report date level. We estimate the following regressions:

Yitr1 = Bo + BiShareNon-Accruingloans; ; + 82 X; ¢ + €14 (5)

Here, Y; ;41 is a variable that measures either (a) the market share of lead arranger ¢ or (b)
the share of loans that are sold off by arranger ¢ in year t + 1. We obtain a lead arranger’s
market share from the league table on US institutional loans available on Bloomberg for the
years after 2005. In the regression focusing on market shares, we concentrate on banks that
appeared at least once in the top 20 of the league table.?® When constructing the explanatory
variables, we focus on term loans. The main explanatory variable ShareNon-AccruingLoans, ,
measures the fraction of term loans originated by lead arranger ¢ that become non-accruing
at report date t. We also include controls X, that capture the average riskiness of loans
that lead agent 7 arranges, such as the average all-in-drawn spread and the fraction of loans
that are either term B or leveraged loans.

Table 6 shows that a 10 percentage point increase in the share of non-accruing loans is
associated with a reduction in the lead arranger’s market share in the same year by 0.76

percentage points.>! This is consistent with the lead arranger being punished if its arranged

30This sample criterion ensures that we observe a sufficient number of loans for each lead arranger-year
pair. In the end, we have information on 14 years and the 23 largest lead arrangers yielding 225 observations.
Some lead arrangers are not observed for the entire period due to entries/exits from the syndicated loan
business, which gives us an unbalanced panel.

31The coefficient of 0.076 in column (1) is large relative to the average arranger’s market share of 2.74%. It
suggests that a 10 percentage point rise in the share of non-accruing loans would cost the average bank almost
one-third of its syndication business. This represents a significant loss of fees, and thus could potentially
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Table 6: Reputation Damage of Underwriting Bad Loans

Market share Market share Fraction of loans sold
in current year in following year  off in following year
(1) (2) (3) (4) (5) (6)
Fraction of non-accruing loans -0.076** -0.050* -0.064**
(0.031) (0.027) (0.022)
Fraction of non-pass rated loans -0.108** -0.032 -0.041%*
(0.044) (0.044) (0.023)
Sample Top 20 arrangers All arrangers
Year FE Yes Yes Yes Yes Yes Yes
Lead agent FE Yes Yes Yes Yes Yes Yes
Loan controls Yes Yes Yes Yes Yes Yes
R? 0.76 0.76 0.77 0.77 0.53 0.53
N 225 225 206 206 1556 1556

Note: This table shows the results of regression (5). The unit of observation is an arranger-year observation.
The dependent variable is the arranger’s contemporaneous market shares in columns (1) and (2), the market
shares in the following year in columns (3) and (4), and the fraction of loans that the lead arranger sells
off in the following year in columns (5) and (6). The market share is taken from the league table for US
institutional loans available on Bloomberg since 2005. Additionally, we focus in columns (1)-(4) only on
underwriters that were ranked in the top 20 at least once during our sample period. Problematic loans are
loans that have received a non-pass rating. All regressions include controls for the average riskiness of loans
originated by a lead arranger. We use the average all-in-drawn spread in columns (1)-(4), and — to obtain a
sufficiently large sample — the share of term B loans in columns (5)-(6). We additionally include year and
lead arranger fixed effects. Standard errors are clustered by the lead arranger and by year level. Significance
levels: *(p<0.10), **(p<0.05), ***(p<0.01).

loans default. The relationship is slightly stronger when we look at the fraction of arranged
loans receiving a non-pass rating. A 10 percentage point higher share of problematic loans
is correlated with a 1.08 percentage point lower market share for the lead arranger in the
same year. The coefficients are slightly smaller when the market share is measured in the
following year.

When the lead arranger is punished by lower demand from investors, it might still decide
to originate loans but be forced to keep them on its books. The evidence presented in columns
(5) and (6) is consistent with this. A 10 percentage point higher share of outstanding loans

becoming non-accruing is associated with a 0.6 percentage point higher share of loans that

induce proper screening and monitoring by the arranger. In addition, a large part of institutional investors,
namely CLOs, engage in repeated interactions with arranging banks through the underwriting of CLOs
(Bhardwaj and Mukherjee 2022), which they could exploit to further punish a shirking lead arranger.
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the lead arranger will need to retain in the following year. Overall, the documented results

are consistent with the theoretical framework proposed by Winton and Yerramilli (2021).

6 Conclusion

In this paper, we leverage Shared National Credit Registry (SNC) data to examine the role
of the lead arranger’s stake — the lead share — in the syndicated loan market. Our findings
reveal that lead arrangers frequently sell their lead shares, particularly for riskier term loans
targeted towards institutional investors. Importantly, we find no evidence that this practice
adversely affects loan performance. Instead, we provide evidence that mechanisms such as
retaining other loan types (e.g., credit lines with lower capital charges), temporary expo-
sure during the syndication process, and reputational concerns effectively mitigate adverse
selection and moral hazard.

These results contribute to the ongoing debate on the impact of tighter bank regulation,
which has driven lending activity from banks to nonbanks (Irani et al. 2021, Buchak et al.
2024). Contrary to concerns about reduced loan retention by lead banks, our analysis indi-
cates that such shifts do not necessarily lead to negative outcomes such as adverse selection
or weakened monitoring and screening.

Finally, our paper highlights the limitations of using lender shares reported in Dealscan.
Due to frequent post-origination changes in loan ownership, particularly for institutional
term loans, Dealscan data often fail to accurately reflect the ultimate loan holders. To
address this issue, we provide researchers with a practical guide to adjust lending shares in

Dealscan, enabling a more accurate approximation of bank lending.
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INTERNET APPENDIX FOR “D0O LEAD
ARRANGERS RETAIN THEIR LEAD SHARES?”

Kristian Blickle
Quirin Fleckenstein
Sebastian Hillenbrand
Anthony Saunders

A A Guide for Dealscan Users

Lender shares in Dealscan. The information for most loans in Dealscan is self-reported
by the lead arrangers. For a very small subset of loans the lead arrangers also report the
syndicate shares at origination. These syndicate shares have often been used by researchers
to approximate loan ownership (e.g., Chodorow-Reich (2014)). However, as we demonstrate
in this paper, the lender composition changes — most importantly for loans that are sold
to institutional lenders — substantially after origination. Given these challenges how should
researchers that have only access to Dealscan proceed? In this section we offer a guide for
researchers looking to compute estimates of loan shares that lead arrangers and other banks
that participate in the loan syndicate may hold following origination using only Dealscan
information. This could be used, for instance, to study on-balance sheet lending volumes
and spreads of banks. While we want to caution that this does not yield perfect estimates,

we feel that it is a significant improvement over how the prior literature has used Dealscan.

Frequency of reported lender shares. As discussed in the paper, lenders report loan
origination data to Dealscan to get credit for the syndicated loan league tables. The lender
shares at syndication are not among the information that lead arrangers are required to
provide. As a result, only a small fraction of loans include shares at origination. The share
of loans for which the lead share®? at syndication is observed has declined over time, as
shown in Panel A of Figure 2. In recent years, lead shares are reported for less than 10%

of loans. This is consistent with the increased tendency of lead arranger to sell their shares

32While SNC directly reports a unique lead agent (administrative agent) per loan, Dealscan does not
always do so. To identify the “main” lead agent in Dealscan we follow the prior literature (e.g., Sufi (2007)).
We assign the lead agent role first to the “admin agent”. If there is no “admin agent” in the syndicate, we
choose any lender with the title “Agent”, “Bookrunner”, “Joint arranger”, “Lead bank”, “Lead manager”,
“Mandated Lead arranger”. If there is also no lender with such a title, then we assign any of the lenders with
the title “Co-agent”, “Co-arranger”, “Collateral agent”, “Coordinating arranger”, “Documentation agent”,
“Managing agent”, “Syndications agent”. If there are several agents with the same title, then we choose the
one with the highest lender share at origination, and otherwise, we randomly draw the lead agent.

Al



following increased institutional participation in the market. As we show in the paper, the
loan holdings composition changes most starkly for loans tailored to institutional investors —
implying that syndicate shares for these loans are least likely to reflect actual loan holdings
after origination. Panel B shows that not just the reporting of the lead shares has declined,

but also the reporting of other syndicate members’ shares.

Selection bias in reporting. More importantly, the reporting of lender shares to Dealscan
is non-random. Table A.1 documents that the reporting of lender shares can be predicted
fairly well with several loan characteristics. In other words, the sample for which we observe
lender shares is non-random and biased. Conducting analysis only with this subset of loans
can therefore be problematic and might not allow to draw conclusions for the entire set of
loans. One way to overcome this bias is to include loans for which we do not observe lender

shares in any analysis. We show below how this can be done.

Informativeness of syndicate shares for loan ownership. We start by analyzing the
loans for which we observe the lender shares at syndication. Specifically, we analyze whether
these shares are reflective of the ultimate holdings of syndicate members after origination.
For this, we use a matched data set at the loan-lender level that merges Dealscan and
SNC. We focus here on banks as non-banks typically do not participate in the syndicate at
origination.

First, we find that if a share is reported as being smaller than 0.5% of the loan, then this
is highly likely either an error or a share that will be immediately sold off. It is therefore
advisable to approximate the ultimate loan holdings of the lender with a zero.

Second, to analyze the predictive power of the remaining shares for actual loan holdings,

we run the following regression:
Share at first observation (SNC), , = £ + B - Share at syndication (Dealscan),; ;+¢;; (A.1)

for loan [ and lender <.

Figure A.1 documents the relationship between the syndicated share in Dealscan and the
lending share at the first SNC observation graphically in the form of binscatter plots. The
figure shows that when the syndicate shares at origination are reported in Dealscan, then
they can serve as decent predictors of the ultimate loan ownership of the agent. Because
the linear relationship flattens when the Dealscan share is high, the regression interacts the
Dealscan share with a dummy when the Dealscan share is above 30%.

Table A.2 shows the regression results. The coefficient in column 1 (credit lines) suggest
that the reported lead shares in Dealscan should be scaled (down) with a factor of 0.86 and
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Table A.1: Selection of Reported Lender Shares in Dealscan

Nonmissing lead share Any nonmissing lender share

(1) (2) (3) (4)

Year of origination —0.75%** —0.90%**

(0.13) (0.12)
Maturity —0.42%¥%  _1.01%¥F*  _(0.37FF* —1.09***

(0.09) (0.12) (0.10) (0.13)
All-in-drawn spread —0.02%F%  —0.03**F*  —0.02%** —0.03%%*

(0.00) (0.00) (0.00) (0.00)
log(Loan amount) —0.09 0.13 —0.54 —0.27

(0.44) (0.37) (0.54) (0.43)
Number of lenders in syndicate ~ 1.05%** 0.97%** 1.17%%* 1.08%***

(0.09) (0.09) (0.09) (0.09)
Dummy: Fund in syndicate —6.48%** —B5.TTHHH

(1.22) (1.68)
Term B loan —9.02%%* —8.92%#*

(0.93) (1.04)
Origination year FE Yes Yes
Loan purpose FE Yes Yes
Loan type FE Yes Yes
Mean of dependent variable 0.20 0.20 0.21 0.21
R? 0.11 0.17 0.13 0.19
N 136,833 136,829 136,833 136,829

Note: This table shows that the reporting of lender shares in Dealscan is non-random, i.e., can be predicted
with observable variables. The regression model is I(Reported Lead Share); = 3’ -Loan Characteristics; + ;.
The unit of observation is a loan [. The dependent variable is a dummy that indicates whether Dealscan
reports a lender share for the lead arranger in column (1)-(2) or for any lender in the syndicate in column
(3)-(4) (multiplied with 100). The sample contains all USD-denominated syndicated loans in Dealscan that
are originated between 1993 and 2018. The standard errors are clustered by the origination year. The
significance levels are: *(p<0.10), **(p<0.05), ***(p<0.01).
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Figure A.1: Syndicate Shares (Dealscan) vs. Loan Ownership (SNC)
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Note: This figure show binscatter plots of the syndicate share (as reported in Dealscan) and the loan
ownership after origination (as observed at the first observation in SNC). Panel (a), (¢) and (e) focus on lead
agents, while panels (b), (d) and (f) focus on all other syndicate members (e.g., co-agents or participants).
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Table A.2: Syndicate Shares (Dealscan) vs. Loan Ownership (SNC)

Share at first observation (SNC)

©)) 2 ®3) ) (5) (6) (M @)

Share at origination 0.86*** 0.91%%* 0.94%%* 0.89%** 0.91%%* 0.95%** 1.03*** 0.84**%
(Dealscan) (0.04) (0.02) (0.11) (0.03) (0.09) (0.02) (0.05) (0.04)
Share at origination x —0.52%F* —0.63%* —1.15%** —3.28%* —0.83%** —0.29 —0.95%** —1.76%*
Large share (0.09) (0.27) (0.31) (1.57) (0.28) (0.64) (0.24) (0.74)
Large share 19.51%%* 19.71%* 36.61%+* 127.21%* 32.81%*% 7.83 32.05%** 62.09%*

(3.73) (9.91) (13.25) (60.26) (11.37) (21.46) (9.99) (25.42)
Constant 0.79 0.23%** 0.18 0.27%* 0.60 0.18 —1.33 0.58%*

(0.55) (0.08) (1.48) (0.11) (1.10) (0.16) (0.90) (0.24)
Loan sample Credit lines  Credit lines Term A Term A Term loans Term loans Other loans  Other loans
Lender sample Lead agent  Other lenders Lead agent Other lenders Lead agent Other lenders Lead agent  Other lenders
Mean of dependent variable 17.998 7.009 14.566 5.723 21.846 9.199 23.130 7.708
R? 0.557 0.725 0.415 0.779 0.596 0.818 0.591 0.694
Obs. 2,470 24,177 89 1,544 143 918 110 7

Note: This table reports the results of regression (A.1). The unit of observation is a loan-lender pair.
We also repeat the analysis for other lenders (e.g., co-agents and participants) that do not function as lead
agents in columns (2), (4), (6) and (8). Lender shares are in percent. The sample is a matched SNC-Dealscan
sample for which we observe the lender shares at origination. Large share is a dummy variable that is 1 if
the share at origination is larger than 30% and O otherwise. Standard errors are clustered by lender. The
significance levels are: *(p<0.10), **(p<0.05), ***(p<0.01).

adjusted by a constant 0.79% when the share is below 30%. When the share is above 30%,
then the lead share in the syndicate should be multiplied with a factor 0.34, but a constant
of 20.30% should be added. The fitted value explains 56% of the variation of the true loan
ownership for Credit Lines for the lead gent (column 1), 42% of the variation in Term A
loans (column 3), 60% of the variation in undefined term loans (column 5), and 59 % of
the variation in other loans (column 7). However, the term A analysis is based on a much
smaller sample. Similarly, we cannot run the regression analysis for Term B loans as we
simply do not have enough observations where the lead/lender shares are reported and the
loan is matched to SNC. We obtain similar results when we look at the loan holdings of

non-lead agent syndicate members (columns 2, 4, 6 and 8).

How to approximate loan ownership when lender shares are not reported. As
Figure 2 shows, the lead share (or any lender share for that matter) is missing for the vast
majority of loans in Dealscan. The question that arises for Dealscan users: how can the actual
loan ownership share be inferred for syndicate participants that are observed in Dealscan?
This is an important question for anyone who is interested in how much lending is provided
not only by the lead agent but also by other bank lenders. This is all the more important
considering (a) the low number of reported shares and (b) the selection in reporting.

One common procedure to approximate loan holdings is to use the sample of loans with

reported lender shares to impute lender share for loans with missing ones. For example,
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one could use the syndicate structure to infer missing lender shares (e.g., Chodorow-Reich
(2014)). This approach relies on the assumption that (1) syndicate shares at Dealscan
are reflective of the ultimate loan holdings and (2) that the correlation between syndicate
structure and lenders shares is similar across loans with and without reported lender shares.
However, as the reporting of the syndicate shares is non-random, this can potentially lead
to a large bias. For example, projecting lender shares at origination from credit lines (which
frequently come with lender shares) onto the syndicate participants in a Term B loan (which
almost never come with lender shares) is unlikely to yield the ultimate holders of the loan.

A second widely-used method is to apply equal weights to all syndicate members. While
this method is simple to apply, it does not take into account that many loan investors
only participate after origination. Thus, the loan share held by syndicate members drops
mechanically after origination.

In this paper we propose an alternative way to approximate loan holdings. More con-
cretely, we use the loan information available from Dealscan to directly predict the lender

shares observed at the first observation in SNC. We fit the regression
Share at first observation (SNC)M = Lo+ B1-Xig+ Ba- Xy + €, (A.2)

where X;; and X; are vectors of lender-loan characteristics and loan characteristics that
are observable in Dealscan for almost every loan. We show the results of this predictive
exercise in Table A.3. Of course, this regression cannot be run by researchers who have only
access to Dealscan. However, researchers can use our reported regression coefficients to get
a rough approximation of the post-origination loan holdings by banks which participate in

the primary syndicate.
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Table A.3: Prediction of Loan Holdings with Dealscan Variables

Share at first observation (SNC)

(1) (2) (3) (4) (5)
Lender role ’adm. agent’ —16.38 —495.70%* 242.34*** —25.26 —289.70%*
(23.47) (191.80) (55.27) (141.84) (119.30)
Lender role ’Co-X’ 5.64 —131.16* —11.65 13.42 —176.62
(21.94) (76.18) (26.44) (111.50) (60.70)
Lender role ’agent’ —3.57 50.84 121.55%%* —23.23 —71.67
(16.34) (57.62) (24.31) (70.84) (61.17)
Lender role ’particip.’ —28.86* —21.08 90.70%** —76.22 —126.24**
(15.19) (55.91) (20.73) (71.87) (54.40)
Lender role ’adm. agent’ —3.83** 24.04** —14.34%%* —6.22 —1.07
x In(facil. amnt.) (1.76) (9.35) (2.99) (8.72) (6.49)
Lender role ’adm. agent’ —34.62%%* 244.23%** —126.29%** —51.97 41.66
x In(numb. lenders + 1) (12.47) (93.16) (35.83) (79.34) (68.81)
Lender role ’adm. agent’ 1.27%* —12.92%%* 6.30%** 2.29 —2.17
x In(facil. amnt.) X In(numb. lenders + 1 (0.61) (4.62) (1.74) (4.08) (3.52)
Lender role 'Co-X’ X —5.88%** 3.82 —1.63 —8.11 —11.78%**
In(facil. amnt.) (1.40) (3.86) (2.28) (5.90) (4.10)
Lender role ’Co-X’ x —43.46%%* 34.09 —18.96 —91.12%* —80.21%**
In(numb. lenders + 1) (7.62) (24.57) (12.66) (39.61) (21.11)
Lender role ’Co-X’ x 1.95%** —1.71 0.86 4.21%* 3.82%%*
In(facil. amnt.) X In(numb. lenders + 1) (0.37) (1.22) (0.63) (2.00) (1.11)
Lender role ’agent’ X —5.10%** —5.14%* —8.11%** —6.32%* —11.91%%*
In(facil. amnt.) (1.58) (2.18) (2.26) (2.97) (3.46)
Lender role ’agent’ X —43.38%%* —27.68%* —65.94%%* —T70.17%%* —84.99%**
In(numb. lenders + 1) (9.54) (12.38) (12.63) (16.14) (20.74)
Lender role ’agent’ x 1.86%** 1.33%* 3.14%%* 3.18%** 4.04%%*
In(facil. amnt.) X In(numb. lenders + 1) (0.46) (0.63) (0.63) (0.80) (1.07)
Lender role ’particip.’ —4.35%%* —2.22 —6.81%%* —4.12 —9.58%**
x In(facil. amnt.) (1.45) (2.56) (2.37) (3.49) (3.12)
Lender role ’particip.’ —34.68%** 1.76 —54. 52%%* —55.72%%* —65.94%%*
x In(numb. lenders + 1) (8.41) (14.26) (12.63) (19.65) (16.80)
Lender role ’particip.’ 1.54%%* 0.03 2.65%*** 2.55%* 3.16%**
x In(facil. amnt.) X In(numb. lenders + 1) (0.41) (0.73) (0.63) (1.00) (0.86)
Lender role ’other’ X —5.22%%* —2.38 —2.17 —8.4T7* —16.38%%*
In(facil. amnt.) (1.77) (4.05) (2.42) (4.65) (4.45)
Lender role ’other’ X —45.44%%% —3.26 —21.56 —T72.20%* —83.47H%*
In(numb. lenders + 1) (10.88) (25.30) (14.50) (29.43) (26.43)
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Lender role ’other’ X 1.93%%* 0.01 0.98 3.69%* 4.26%***
In(facil. amnt.) X In(numb. lenders + 1) (0.52) (1.31) (0.72) (1.47) (1.32)
Agent lead (DS def.) 66.71%** 544.13%** —88.03* 53.70 198.02*
(19.16) (192.29) (48.72) (165.12) (114.88)
Agent lead (DS def.) x —3.68%** —28.24%%* 4.70%* —3.08 —9.73
In(facil. amnt.) (0.95) (9.57) (2.42) (8.60) (6.02)
Agent lead (DS def.) x —19.16%* —274.76%** 44.76 —13.60 —99.39
In(numb. lenders + 1) (9.39) (92.48) (29.84) (79.20) (65.04)
Agent lead (DS def.) x 1.07%* 14.13%** —2.36 0.87 4.86
In(facil. amnt.) X In(numb. lenders + 1) (0.45) (4.60) (1.46) (4.08) (3.32)
Inv. numb. lenders X —15.73 116.92 —103.84 77.50 —279.33%*
In(facil. amnt.) (68.11) (138.49) (109.41) (162.40) (148.92)
Inv. numb. lenders 1.11 —2.28 4.57 —3.45 15.11*
(3.36) (7.36) (5.49) (8.67) (7.96)
Inv. numb. ’adm. agents’ 12.66* —60.79 67.76%** 72.62% 7.83
(6.88) (43.10) (22.45) (42.79) (39.00)
Inv. numb. ’particip.’ —26.62%** 0.86 —40.70%** —64.76%* —39.80**
(5.77) (17.75) (9.65) (28.30) (18.51)
Inv. numb. ’agents’ 14.21%%%* 31.65%** 24.06%** 35.67** 16.35
(4.06) (9.51) (7.72) (14.59) (17.60)
Inv. numb. ’adm. agents’ —0.52 2.90 —3.34%%* —3.85% —0.10
x In(facil. amnt.) (0.34) (2.14) (1.11) (2.21) (2.08)
Inv. numb. ’particip.’ 1.12%%* —0.31 1.97%%* 2.62% 1.67*
x In(facil. amnt.) (0.28) (0.89) (0.48) (1.44) (0.92)
Inv. numb. ’agents’ X —0.55%** —1.48%** —1.20%** —1.69%* —0.61
In(facil. amnt.) (0.21) (0.48) (0.38) (0.74) (0.91)
1993-1998 —2.46%** 1.03 —b5.53*** —1.36 —1.72
(0.57) (3.13) (2.00) (3.02) (1.23)
1999-2004 —1.59%** —2.46%* 1.29 2.48%* —1.32
(0.43) (0.95) (0.90) (1.03) (0.91)
2005-2010 —0.84%%%* —1.46%** 1.62%%* 0.45 —2.09%*
(0.31) (0.35) (0.45) (0.55) (0.84)
2011-2016 —0.10 —0.67*** 0.67%** 0.93** —0.53
(0.22) (0.23) (0.25) (0.46) (0.71)
Constant 130.21%%* 59.95 49.97 178.02* 325.51%**
(36.31) (77.61) (48.48) (90.68) (85.02)
Loan sample Credit lines Term A Term B Term loans  Other loans
Mean of dependent variable 9.866 10.246 2.514 12.139 10.845
R? 0.514 0.582 0.199 0.460 0.408
Obs. 45,409 5,648 6,606 4,190 2,547
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Note: This table shows the results of regression A.2. The unit of observation is a loan-lender pair. Lender
shares are in percent. The significance levels are: *(p<0.10), **(p<0.05), ***(p<0.01).
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We use the R-squared

B > 1 >_;(SNC share;; — Predicted share; ;)?
> 1> ;(SNC share;; — SNC share; ;)2

R*=1 (A.3)
for loan [ and lender i, to compare the performance of the different methods. Table A.4 shows
that our approach leads to much smaller prediction errors compared to the interpolated
shares based on the syndicate structure and the equal-weighted shares. The difference in
prediction errors is particularly stark for loans that are later sold to institutional investors,
i.e., Term B loans, where the error for the interpolated shares are very large. Here, the
interpolation based on the syndicate structure constantly overpredicts the loan holdings
leading to negative R-squareds. This makes sense, given that it is hardly possibly to project
from lender shares at origination for loans that are held by banks onto lender shares after
origination for loans that are predominantly held by institutional investors. Equal weighting
also performs poorly which is not surprising given that many lenders, such as CLOs, only
participate in the loan after origination. By contrast, our method avoids these issues and
performs much better. This new method is able to explain between 12% (Term B loans and

agent) and 54% (Term A loans and non-agent) of the variation in ultimate loan holdings.

Table A.4: Comparison of Methods to Approximate Loan Ownership

CL CL Oth Loans Oth Loans TLA TLA TLB TLB
Method 1: Syndicate structure -1.00 0.21 -1.43 -0.06 0.26 0.32 -10.40 -8.58
Method 2: Equal shares -0.84 -0.09 -1.11 -0.35 0.40 0.03 -8.92 -10.26
Method 3: Direct SNC prediction  0.41 0.53 0.32 0.40 0.51 0.54 0.12 0.21
Lender sample Agent Non-Agent Agent Non-Agent Agent Non-Agent Agent Non-Agent

Note: This table compares different methods that can be used to predict actual loan holdings in SNC
when Dealscan shares are missing. The method “Syndicate Structure” uses the syndicate structure and
the reported syndicate shares (from Dealscan) to infer loan holding shares (e.g., Chodorow-Reich (2014)).
The method “Equal Shares” gives equal loan holdings to all syndicate members in Dealscan. The method
“Direct Prediction” is based on our regression of actual loan holding shares (as observed in SNC) on
various Dealscan variables (see Table A.3). The R-squared shows the goodness of fit when predicting

actual lender shares as observed at the first SNC observation of the two methods and is computed as

R2—1_ 3=, 37, (SNC share; ; —Predicted share; ;)?
- 3=, 32, (SNC share;,; —SNC share; ;)2

because a method “overpredicts” loan holdings shares.

for loan [ and lender i. A negative R-squared typically arises

Guidance for Dealscan users. We conclude this section by summarizing our guidance
for researchers who have only access to Dealscan but are interested in the actual loan holdings
of lead arrangers and other bank lenders after origination. We distinguish two cases: (a)

when lender shares are reported in Dealscan, and (b) when lender shares are not reported.
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Regarding (a), we suggest researchers to use the regression coefficients from Panel A of
Table A.2 to scale the Dealscan-reported lender shares at origination after removing outlier
observations’; i.e., observations with a share smaller than 0.5%. Regarding (b), we suggest
researchers use our predictive regression (reported in Table A.3) that uses only Dealscan
variables which are available for almost all loans. We also provide code that performs this
task on our website. Of course, our method does not yield the loan ownership of lenders
that do not participate in syndicate such as the majority of institutional lenders such as
CLOs and loan mutual funds. As such, the method is most suited to approximate syndicate

lending by banks.

Figure A.2: Dealscan Guide: Decision Tree

Want: Loan holdings
of a lender

Syndicate share

X Syndicate share
reported in Dealscan

not reported

Loan otherthan

TermB Use prediction model

in Table A3

Syndicate share Syndicate share
below 0.5 above 0.5%

Use model in Table A2 to

Set loan holding =0 scale syndicate shares

Note: This figures provides the decision tree when researchers want to approximate loan holdings of banks
using only Dealscan data.
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B Lender Composition at and after Origination

Figure B.1: Timeline of lender shares
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Note: This figure shows the change in the lender structure after loan origination for different types of loans.
It shows the average share of a loan held by each lender group across loans. The first bar (“At Origination”)
is obtained by using lender shares as reported by Dealscan. The second bar is based on lender shares for
loans observed within 10 days of origination in SNC, the third and fourth bar are computed accordingly.
The fifth bar is based on lender shares at the last observation in SNC.
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Figure B.2: Timeline of number of lenders
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Figure B.3: Continued. Timeline of number of lenders
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Note: This figure shows the change in the lender structure after loan origination for different types of loans.
It shows the average or median number of lenders of each lender type (banks or funds) across all loans. The
first bar (“At Origination”) is obtained by using the number of syndicate members in Dealscan. The second
bar is based on loans observed within 10 days of origination in SNC, the third and fourth bar are computed
accordingly. The fifth bar is based on the number of lenders observed at the last observation in SNC.
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C Main Empirical Results — Robustness

C.1 Do Lead Arrangers Retain Their Lead Shares?

Figure C.1: Frequency of Lead Share Sales for Different Selloff Thresholds — After
Origination
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Note: This figure shows the fraction of loans for which the lead arranger has sold its entire loan share. Here,
we vary the lead share threshold below which we consider a loan to be “sold” by the lead arranger.

Figure C.2: Frequency of Lead Share Sales for Different Selloff Thresholds — Over
Loan Duration
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Note: This figure shows the fraction of loans for which the lead arranger has sold its entire loan share. Here,
we vary the lead share threshold below which we consider a loan to be “sold” by the lead arranger.
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Figure C.3: Frequency of Lead Share Sales for Different Selloff Thresholds — After
Origination. Post-1993 Sample.
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Note: This figure shows the fraction of loans for which the lead arranger has sold its entire loan share. Here,
we vary the lead share threshold below which we consider a loan to be “sold” by the lead arranger. Instead
of removing loans first observed after 400 days we instead remove all loans originated before 1993.

Figure C.4: Borrower-Level Lead Shares — All Loans and Credit Lines
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Note: This figure shows the fraction of loans for which borrower-level lead share falls within a certain range.
To compute borrower-level lead shares, we compute the total exposure of a lead arranger to the borrower
across all loans (in SNC) and divide it by the total loan amount originated by the lead arranger on behalf
of the borrower at a given point in time.
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Which loans does the lead arranger sell? In the following tables, we examine borrower

heterogeneity through a regression analysis. To do so, we estimate the regression specification
LowLeadShare; = 3y + 1 BorrowerType; + €, (C.1)

where LowShareSold; is an indicator that is 1 if the lead arranger of loan [ retains a low
lead share. Table C.1 reports the results for loan-level lead shares and Table C.2 reports the

results for borrower-level lead shares.

Table C.1: Heterogeneity by Borrower Type — Loan-level Lead Shares

Loan-level lead share below 0.5%

(1) (2) (3) (4) (5) (6) (M) (8)
Constant 0.231%** 0.470*** 0.375%** 0.213***
(0.032) (0.053) (0.060) (0.036)
Private 0.088***  0.086***
(0.026) (0.021)
Unrated -0.398***  -0.277***
(0.053) (0.044)
Unknown -0.126***  -0.051**
(0.036) (0.024)
Risky 0.202***  0.167***
(0.036) (0.025)
Loan controls No Yes No Yes No Yes No Yes
Industry x report date FE No Yes No Yes No Yes No Yes
R? 0.007 0.245 0.185 0.292 0.018 0.242 0.048 0.267
N 5,605 5,605 5,605 5,605 5,605 5,605 5,605 5,605

Note: This table reports results from regression (C.1). The sample contains all term loans. The standard
errors are clustered by lead arranger and by SNC report date.
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Table C.2: Heterogeneity by Borrower Type — Borrower-level Lead Shares

Borrower-level lead share below 2%

1) (2) (3) 4) (5) (6) (1) (8)
Constant 0.114%** 0.260*** 0.199*** 0.113***
(0.021) (0.041) (0.043) (0.023)
Private 0.070***  0.090***

(0.020)  (0.021)

Unrated -0.214***  -0.106***
(0.038) (0.023)

Unknown -0.051**  -0.000
(0.023)  (0.018)
Risky 0.130***  0.130***
(0.026) (0.020)
Loan Controls No Yes No Yes No Yes No Yes
Industry x Time FE No Yes No Yes No Yes No Yes
R? 0.006 0.146 0.080 0.148 0.004 0.137 0.029 0.162
N 5,605 5,605 5,605 5,605 5,605 5,605 5,605 5,605

Note: This table reports results from regression (C.1). The sample contains all term loans. The standard
errors are clustered by lead arranger and by SNC report date.
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Tables C.3 and C.4 report the results for other covariates. In sum, the table indicates
that lead banks tend to sell loans that are generally less attractive for banks, such as risky
loans with higher shares of nonbanks in the syndicate and Term B loans. Figure C.5 plots the
coefficients from the same regression as specified in equation C.1 for each characteristic indi-
vidually, conditional on a standard set of controls. Each covariate of interest is standardized

to facilitate comparability.
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Table C.3: Lead Share Sales and Loan Covariates

Lead share sold

) 2 3) 4 (5) (6)
Time since origination 0.030*** 0.050"** 0.027*** 0.098"** 0.186™** 0.120%**
(0.006) (0.009) (0.008) (0.018) (0.027) (0.025)
Loan maturity 0.022%** 0.014*** 0.004*** 0.033"** 0.031%* 0.010***
(0.001) (0.002) (0.001) (0.003) (0.005) (0.003)
Log(Loan amount) 0.004 0.028***  —0.008*** 0.055*** 0.050%** —0.016***
(0.002) (0.003) (0.002) (0.006) (0.007) (0.005)
Term B loan 0.325*** 0.189*** 0.022 0.194*** 0.103*** 0.005
(0.023) (0.026) (0.026) (0.024) (0.027) (0.025)
Number of prior loans in SNC 0.004*** 0.002*** 0.001 0.005*** 0.004*** —0.001
(0.001) (0.001) (0.001) (0.001) (0.001) (0.002)
All-in-drawn spread 0.047** 0.059***
(0.004) (0.005)
Pro-rata —0.047*** —0.105***
(0.005) (0.013)
Rated as high-risk by Fed examiners 0.003 0.002
(0.015) (0.030)
Loan package includes credit line 0.047* —0.070***
(0.009) (0.014)
Covenant-lite loan 0.270** 0.173%*
(0.023) (0.026)
Club deal —0.059*** —0.129***
(0.014) (0.035)
Buyout loan 0.011 0.035**
(0.007) (0.015)
Middle-market loan —0.028*** —0.060"**
(0.006) (0.016)
Leveraged loan 0.026* 0.053*
(0.014) (0.021)
Share of participants that are funds 0.492%** 0.436***
(0.028) (0.032)
Log(1+Borrower-arranger interactions) 0.007*** 0.021***
(0.002) (0.005)
Log(1+Participant-arranger interactions) —0.014*** —0.021***
(0.002) (0.004)
Lead agent is investment bank 0.212%** 0.160***
(0.043) (0.050)
Lead agent retains no other exposure 0.038*** 0.165%**
(0.006) (0.017)
Fraction of investment banks in syndicate 0.030 0.092**
(0.020) (0.042)
Number of syndicate members 0.019*** 0.010**
(0.004) (0.004)
Log(1+ Numb. times borrower appeared in SNC) 0.003 0.017**
(0.003) (0.009)
Constant —0.104**  —0.637*** 0.168*** —1.040*** —1.104*** 0.229**
(0.043) (0.071) (0.035) (0.110) (0.132) (0.106)
R? 0.098 0.301 0.439 0.148 0.304 0.419
N 71,007 21,355 21,163 14,867 5,606 5,485
Loans sample All loans  All loans ~ All loans  Term loans Term Loans Term Loans

Note: This table reports results from regression (C.1). Time since origination and loan maturity are
measured in years. Loan amount is measured in USD. The remaining variables are either fractions, integers,
or indicator variables as inferable from their names. The standard errors are clustered by lead arranger and
by SNC report date. C6



Table C.4: Lead Share Sales and Loan Covariates — Part 2

Lead share sold

(1) (2) (3) (4) (5) (6)
Purpose: M&A 0.136*** 0.123**
(0.037) (0.044)
Purpose: Asset securitization 0.038* 0.038
(0.019) (0.041)
Purpose: CAPEX 0.019 —0.041
(0.021) (0.037)
Purpose: General corporate —0.001 0.050*
(0.013) (0.027)
Purpose: Working capital —0.023** —0.042
(0.009) (0.026)
Purpose: Real estate —0.033* —0.091***
(0.017) (0.028)
Purpose: Debt refinancing 0.149*** 0.176***
(0.042) (0.051)
All-in-drawn spread 0.184*** 0.118*
(0.046) (0.068)
All-in-drawn spread? —0.006** —0.006
(0.003) (0.004)
Log(All-in-drawn spread) —0.274*** 0.072
(0.084) (0.189)
SNC report date FE Yes Yes Yes Yes Yes Yes
Borrower FE No No Yes No No Yes
R? 0.121 0.249 0.481 0.176 0.266  0.618
N 71,007 21,355 59,452 14,867 5,606 9,833

Note: This table reports results from regression (C.1). The standard errors are clustered by lead arranger
and by SNC report date.
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Figure C.5: Lead Shares Sales and Loan characteristics
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itoring

Note: This figure reports the coefficients from regression (C.1) for a subset of loan characteristics. All
variables are standardized. To get the coefficients we run regression (C.1) and include as the right-hand-side
variables the variable of interest plus a standard set of co-variates, which are the time since origination, the
loan maturity, the logarithm of the loan size, and a Term B loan dummy. In Panel (e), we additionally include
fixed effects for broad categories of collateral type. Not all samples are the same, as not all information is
available for the entire sample.
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Does the lead arranger sell more or less often than other lenders? We extend the
analysis from the main text whether a difference in the behaviour of lead arrangers and other
banks exists shortly after origination, now using only data from SNC. We condition on loans
that were originated within a month prior to the first SNC report date and ask whether the
lead arranger is more or less likely to sell the loan until the next report date.3® This implies
that the second observation is at most 1 year and 1 month after origination.

We report the results in the Appendix in Table .>* In columns 1 and 2, we consider all
loan types. Columns 3 and 4 consider only term loans. The main coefficient of interest,
B1, is negative in column 2 suggesting that lead arrangers are less likely to sell than other
lenders. However, this is due to credit lines, as the difference is zero when focusing on term
loans in columns 3 and 4. This could be due to stronger restrictions on sales for credit lines

by the lead arranger to mitigate the counter-party risk for the borrower.

330ur results are unaffected if we drop this time-requirement.

34Note that Irani et al. (2021) and Irani and Meisenzahl (2017) conduct similar analyses, albeit with a
very different motivation. The motivation in these studies is to examine whether wholesale funding pressure
(Trani and Meisenzahl (2017)) or regulatory capital (Irani et al. (2021)) had an effect on banks’ loan sales.
These studies also include a Lead Agent dummy as a control. The conclusions we draw are different from
these studies for two reasons: First, we focus exclusively on loan sales after origination and second, we
differentiate between credit lines and term loans.
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Table C.5: Selling Propensity between First and Second SNC Observation

Share sold by lender

(1) (2) (3) (4)
Lead agent -0.002 -0.009*** 0.013 0.003
(0.003) (0.003) (0.013) (0.012)
Lender share at first observation -0.142*** -0.121***  -0.372*** -0.138***
(0.010) (0.019) (0.038) (0.052)
Loan x report date FE No Yes No Yes
Lender x report date FE Yes Yes Yes Yes
Mean of dependent variable 0.2 0.2 0.25 0.24
R? 0.52 0.65 0.47 0.63
N 216,964 216,964 124,306 124,306
Sample SNC SNC SNC SNC

Loan sample All loans All loans Term loans Term loans

Time since origination less than 1 month 1 month 1 month 1 month

Note: This table shows results of the following regression:
LoanShareSold; ; + = fo + BlLeadAgentiJ + BaLoanShare; ;1 + 0 + 05t + €51, (C.2)

The dependent variable LoanShareSold is a dummy variable that is one if lender ¢ sold its share of loan [
between the first SNC report date and the second report date after origination. The unit of observation
is therefore a lender-loan-time observation. LeadAgent indicates whether the lender is the lead arranger,
and LoanShare is the lender’s loan share at the first report date. Only loans that are observed at most one
month after origination are included to condition on newly originated loans. Standard errors are clustered
by lender and by SNC report date. Significance levels: *(p<0.10), **(p<0.05), ***(p<0.01).
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C.2 Do Lead Share Sales Lead to Lower Loan Performance?

In order to showcase the robustness of these results we perform a series of additional tests
for regression specification 2.

First, one might be worried that loan performance is not lineary related to the all-in-
drawn spread. To eliminate this concern, the binscatter plot shown in Figure C.6 documents
a linear relationship. Nevertheless, Table C.9 shows that our main result is robust to using
different functional forms for the all-in-drawn spread, such as the logarithm of the spread
and 10 quantile groups for the spread.

Second, we use a number of alternate measures to quantify ex-ante loan riskiness. As
such, we first run the baseline regression — relating loan performance to whether a lead
arranger has sold its stake — on our full sample without accounting for ex-ante loan riskiness,
such as the all-in-drawn spread or internal risk ratings. We find that our results hold even
without accounting for any measure of ex-ante loan riskiness. Secondly, we control for loan
ratings from external rating agencies as observed in Dealscan LoanConnector (Table C.11).
Table C.12 then also replaces loan ratings with available firm ratings when loan ratings are
missing. It should be noted that our sample is reduced substantially for these analyses, as
rating data exists for only a subset of loans. Even so, our main results continue to hold.

Third, we limit our sample to those loans we observe for the first time between 1 and
90 days after origination (Table C.13). The results remain fairly similar — although many of
the coefficients are not statistically significant due to the smaller sample size.

Fourth, we examine how the results vary when we look at the heterogeneity of borrowers
and the loan syndicate. Table C.16 documents that the relationship between loan perfor-
mance and lead share sales is fairly similar for different borrower groups. For example, the
baseline coefficient remains almost unchanged when we look at middle-market or private
firms where information asymmetry is supposed to be larger. Table C.17 finds a similar
results when we compare loans based on their syndicate structure.

Finally, we use the continuous borrower-level lead share instead of a binary measure.
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Table C.6: Performance Regression — Post-1993 Sample

Panel A - Non-accruing

Loan becomes non-accruing

(1)

(2) 3) (4)

®)

(6)

Lead share sold -0.008 -0.010* -0.012** -0.008 -0.008 -0.011**
(0.007) (0.006) (0.004) (0.006) (0.006) (0.004)
All-in-drawn spread 0.013*** 0.012*** 0.009*** 0.008***
(0.002) (0.002) (0.002) (0.001)
Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead agent x report date FE No Yes Yes No Yes Yes
Bank internal loan rating No No Yes No No Yes
Mean of dependent variable 0.024 0.024 0.023 0.027 0.027 0.024
R? 0.044 0.155 0.268 0.058 0.220 0.306
N 22,942 22,942 34,938 6,158 6,158 14,199
Sample SNC and DS SNC and DS SNC and DS SNC and DS SNC and DS SNC and DS
Loans All Loans All Loans All Loans Term Loans  Term Loans  Term Loans
Panel B - Non-pass rated
Loan receives ‘non-pass’ rating
) B G () ) ©

Lead share sold -0.0317** -0.039*** -0.015%** -0.019* -0.032%** -0.013

(0.008) (0.008) (0.004) (0.010) (0.012) (0.009)
All-in-drawn spread 3.907*** 3.992% 2.113*** 2.163***

(0.445) (0.433) (0.290) (0.402)
Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead agent x report date FE No Yes Yes No Yes Yes
Bank internal loan rating No No Yes No No Yes
Mean of dependent variable 0.099 0.099 0.082 0.090 0.091 0.080
R2 0.080 0.183 0.260 0.092 0.247 0.324
N 21,405 21,405 31,661 5,505 5,505 12,455
Sample SNC and DS SNC and DS SNC SNC and DS SNC and DS SNC
Loans All Loans All Loans All Loans  Term Loans  Term Loans Term Loans

Note: This table shows the results of regression 2. The unit of observation is a loan (i.e., every loan
is included only once in the analysis). The dependent variable is a dummy variable that is 1 if the loan
becomes non-accruing (Panel A) or non-pass rated (Panel B) at any SNC report date after the report date
that follows the loan origination date and 0 otherwise. The main independent variable LeadShareSold is a
dummy variable that is 1 if the lead arranger has sold its entire loan share at the first SNC report date and
0 otherwise. The sample is restricted to loans for which the loan is originated after 1993. We exclude any
loan for which the dependent variable already takes the value of 1 at the first observation, e.g., the loan is
already non-accruing. Included as loan controls are a term loan dummy, a Term B loan dummy, a leveraged
loan dummy, the logarithm of the total loan amount, the time since origination, the loan maturity and the
all-in-drawn spread (in percent). The all-in-drawn spread is obtained from Dealscan. Standard errors are

clustered by lead agent and by SNC report date. Significance levels: *(p<0.10), **(p<0.05), ***(p<0.01).
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Figure C.6: Loan risk vs. All-in-drawn Spread
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Note: The figures show binscatter plots of the ex-post loan risk - as measured by whether a loan became
accruing — and our main measure for the ex-ante risk of the loan — the all-in-drawn spread (in percent).

Table C.7: Performance Regression — 0% Threshold for Lead Share Sales

Loan becomes non-accruing

) (2) (3) (4) (5) (6)

Lead share sold -0.013* -0.011 -0.010 -0.010* -0.003 -0.004

(0.007) (0.007) (0.006) (0.006) (0.009) (0.007)
All-in-drawn spread 0.013*** 0.013*** 0.010*** 0.009***

(0.003) (0.003) (0.002) (0.002)
Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead agent x report date FE No Yes Yes No Yes Yes
Bank internal loan rating No No Yes No No Yes
Mean of dependent variable 0.024 0.024 0.023 0.027 0.027 0.023
R2 0.048 0.161 0.283 0.065 0.235 0.341
N 21,280 21,280 29,075 5,566 5,566 11,737
Loan sample All Loans All Loans All Loans Term Loans Term Loans Term Loans

Note: This table shows the results of regression 2 where we use a 0% threshold to define “lead share sales”.
The unit of observation is a loan. The dependent variable is a dummy variable that is 1 if the loan becomes
non-accruing at any SNC report date after the report date that follows the loan origination date and 0
otherwise. The main independent variable Lead agent sold its stake is a dummy variable that is 1 if the
lead arranger has sold its entire loan share at the first SNC report date and 0 otherwise. The sample is
restricted to loans for which the first observation in the SNC data is within 400 days of the origination of
the loan. We exclude any loan for which the dependent variable already takes the value of 1 at the first
observation, i.e., the loan is already non-accruing. Included as loan controls are a term loan dummy, a Term
B loan dummy, a leveraged loan dummy, the logarithm of the total loan amount, the time since origination,
the loan maturity. Standard errors are clustered by lead agent and by SNC report date. Significance levels:
*(p<0.10), **(p<0.05), ***(p<0.01).
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Table C.8: Performance Regression — 1% Threshold for Lead Share Sales

Loan becomes non-accruing

) 2) (3) 4) () (6)

Lead share sold -0.010 -0.007 -0.005 -0.007 -0.003 -0.002
(0.006) (0.006) (0.003) (0.006) (0.006) (0.004)
All-in-drawn spread 0.013*** 0.012%** 0.010*** 0.009***
(0.003) (0.002) (0.002) (0.002)
Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead agent x report date FE No Yes Yes No Yes Yes
Bank internal loan rating No No Yes No No Yes
Mean of dependent variable 0.024 0.024 0.023 0.027 0.027 0.023
R? 0.048 0.162 0.283 0.065 0.235 0.341
N 21,280 21,280 29,075 5,566 5,566 11,737
Loan sample All Loans All Loans All Loans Term Loans Term Loans Term Loans

Note: This table shows the results of regression 2 where we use a 1% threshold to define “lead share sales”.
The dependent variable is a dummy variable that is 1 if the loan becomes non-accruing at any SNC report
date after the report date that follows the loan origination date and 0 otherwise. The main independent
variable Lead agent sold its stake is a dummy variable that is 1 if the lead arranger has sold its entire loan
share at the first SNC report date and 0 otherwise. The sample is restricted to loans for which the first
observation in the SNC data is within 400 days of the origination of the loan. We exclude any loan for
which the dependent variable already takes the value of 1 at the first observation, i.e., the loan is already
non-accruing. Included as loan controls are a term loan dummy, a Term B loan dummy, a leveraged loan
dummy, the logarithm of the total loan amount, the time since origination, the loan maturity. Standard
errors are clustered by lead agent and by SNC report date. Significance levels: *(p<0.10), **(p<0.05),
4% (p<0.01).
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Table C.9: Performance Regression — Different Functional Forms for Spread

Loan becomes non-accruing

1 2 (3) (4)
Lead share sold -0.010* -0.012** -0.012* -0.011*
(0.006) (0.006) (0.007) (0.006)
Log(All-in-drawn spread) 0.023*** 0.034***
(0.003) (0.005)
All-in-drawn spread quantile 2 0.008** -0.003
(0.004) (0.032)
All-in-drawn spread quantile 3 0.015*** 0.012
(0.004) (0.032)
All-in-drawn spread quantile 4 0.019*** 0.028
(0.004) (0.033)
All-in-drawn spread quantile 5 0.022*** 0.012
(0.004) (0.033)
All-in-drawn spread quantile 6 0.026*** 0.030
(0.006) (0.033)
All-in-drawn spread quantile 7 0.043*** 0.041
(0.005) (0.034)
All-in-drawn spread quantile 8 0.049*** 0.037
(0.007) (0.036)
All-in-drawn spread quantile 9 0.053*** 0.047
(0.007) (0.033)
All-in-drawn spread quantile 10 0.065*** 0.064**
(0.008) (0.032)
Loan controls Yes Yes Yes Yes
Industry x report date FE Yes Yes Yes Yes
Mean of dependent variable 0.024 0.024 0.027 0.027
R? 0.048 0.049 0.066 0.067
N 21,280 21,280 5,566 5,566
Loan sample All loans  All loans Term loans Term loans

Note: This table shows the results of regression 2 using different functional forms to control for the ex-ante
loan risk. In columns (1) and (3) we use the logarithm of the all-in-drawn spread as a control, and in
columns (2) and (4) we include 10 quantiles of the all-in-drawn spread. The unit of observation is a loan.
The dependent variable is a dummy variable that is 1 if the loan becomes non-accruing at any SNC report
date after the report date that follows the loan origination date and 0 otherwise. The main independent
variable Lead agent sold its stake is a dummy variable that is 1 if the lead arranger has sold its entire loan
share at the first SNC report date and 0 otherwise. The sample is restricted to loans for which the first
observation in the SNC data is within 400 days of the origination of the loan. We exclude any loan for
which the dependent variable already takes the value of 1 at the first observation, i.e., the loan is already
non-accruing. This drops 75 loans of all types, and 40 term loans. Included as loan controls are a term loan
dummy, a Term B loan dummy, a leveraged loan dummy, the logarithm of the total loan amount, the time
since origination, the loan maturity. The all-in-drawn spread is obtained from Dealscan. Standard errors are
clustered by lead agent and by SNC report date. Significance levels: *(p<0.10), **(p<0.05), ***(p<0.01).
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Table C.10: Performance Regression — No Risk Controls

Loan becomes non-accruing

) (2) () (4) ) (6)

Lead share sold -0.010*  -0.010*** -0.005 -0.005

(0.002) (0.002) (0.004) (0.004)
Lead agent retains no borrower exposure -0.0197** -0.011

(0.007) (0.008)

Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE No Yes Yes No No No
Lead agent x report date FE Yes Yes Yes Yes Yes Yes
Mean of dependent variable 0.026 0.026 0.026 0.024 0.024 0.024
R? 0.120 0.131 0.131 0.168 0.187 0.187
N 70,464 70,464 70,464 14,641 14,641 14,641
Loan sample All loans  All loans All loans Term loans Term loans Term loans

Note: This table shows the results of regression 2 using no direct controls for the ex-ante risk of the loan.
The unit of observation is a loan. The dependent variable is a dummy variable that is 1 if the loan becomes
non-accruing at any SNC report date after the report date that follows the loan origination date and 0
otherwise. The main independent variable Lead agent sold its stake is a dummy variable that is 1 if the
lead arranger has sold its entire loan share at the first SNC report date and 0 otherwise. The sample is
restricted to loans for which the first observation in the SNC data is within 400 days of the origination of
the loan. We exclude any loan for which the dependent variable already takes the value of 1 at the first
observation, i.e., the loan is already non-accruing. Included as loan controls are a term loan dummy, a Term
B loan dummy, a leveraged loan dummy, the logarithm of the total loan amount, the time since origination,
the loan maturity. Standard errors are clustered by lead agent and by SNC report date. Significance levels:
*(p<0.10), **(p<0.05), ***(p<0.01).
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Table C.11: Performance Regression — Loan Ratings

Loan becomes non-accruing

(1) 2) 3) 4) ) (6)

Lead share sold -0.008 -0.009* -0.005 -0.005

(0.005) (0.005) (0.005) (0.006)
Lead agent retains no borrower exposure 0.004 0.010

(0.011) (0.013)

Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead agent x report date FE No Yes Yes No Yes Yes
External loan rating Yes Yes Yes Yes Yes Yes
Mean of dependent variable 0.020 0.020 0.020 0.016 0.016 0.016
R? 0.224 0.309 0.309 0.181 0.294 0.295
N 3,820 3,820 3,820 2,153 2,153 2,153
Loan sample All loans All loans All loans Term loans Term loans Term loans

Note: This table shows the results of regression 2 using external loan ratings as risk controls. The unit of
observation is a loan (i.e., every loan is included only once in the analysis). The dependent variable is a
dummy variable that is 1 if the loan becomes non-accruing at any SNC report date after the report date
that follows the loan origination date and 0 otherwise. The main independent variable Lead agent sold its
stake is a dummy variable that is 1 if the lead arranger has sold its entire loan share at the first SNC report
date and 0 otherwise. The sample is restricted to loans for which the first observation in the SNC data
is within 400 days of the origination of the loan. We exclude any loan for which the dependent variable
already takes the value of 1 at the first observation, i.e., the loan is already non-accruing. Included as loan
controls are a term loan dummy, a Term B loan dummy, a leveraged loan dummy, the logarithm of the
total loan amount, the time since origination, the loan maturity. The loan ratings are obtained from LPC
LoanConnector. Standard errors are clustered by lead agent and by SNC report date. Significance levels:
*(p<0.10), **(p<0.05), ***(p<0.01).
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Table C.12: Performance Regression — Loan or Firm Ratings

Loan becomes non-accruing

(1) 2) 3) 4) ®) (6)

Lead share sold -0.016***  -0.014** -0.008 -0.005

(0.005) (0.005) (0.007) (0.008)
Lead agent retains no borrower exposure -0.003 0.011

(0.010) (0.013)

Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead agent x report date FE No Yes Yes No Yes Yes
External loan rating Yes Yes Yes Yes Yes Yes
Mean of dependent variable 0.027 0.027 0.027 0.030 0.030 0.030
R2 0.173 0.250 0.250 0.208 0.275 0.275
N 8,013 8,013 8,013 3,242 3,242 3,242
Loan sample All loans All loans All loans Term loans Term loans Term loans

Note: This table shows the results of regression 2 using external loan ratings or firm ratings as risk controls.
The unit of observation is a loan (i.e., every loan is included only once in the analysis). The dependent
variable is a dummy variable that is 1 if the loan becomes non-accruing at any SNC report date after the
report date that follows the loan origination date and 0 otherwise. The main independent variable Lead
agent sold its stake is a dummy variable that is 1 if the lead arranger has sold its entire loan share at the
first SNC report date and 0 otherwise. The sample is restricted to loans for which the first observation in
the SNC data is within 400 days of the origination of the loan. We exclude any loan for which the dependent
variable already takes the value of 1 at the first observation, i.e., the loan is already non-accruing. Included
as loan controls are a term loan dummy, a Term B loan dummy, a leveraged loan dummy, the logarithm of
the total loan amount, the time since origination, the loan maturity. The loan and firm ratings are obtained
from LPC LoanConnector. When both are available we use the loan rating. Standard errors are clustered
by lead agent and by SNC report date. Significance levels: *(p<0.10), **(p<0.05), ***(p<0.01).
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Table C.13: Performance Regression — Loans observed within 90 Days

Loan becomes non-accruing

@ &) 3) ) ®) (6) (M ®)

Lead share sold -0.012 -0.008 -0.004 -0.005 -0.006 0.002

(0.009) (0.010) (0.005) (0.009) (0.011) (0.010)
Lead agent retains no borrower exposure -0.032* -0.018**

(0.016) (0.009)

All-in-drawn spread 0.013***  0.013*** 0.011*** 0.011***

(0.003) (0.003) (0.003) (0.003)
Loan controls Yes Yes Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No No Yes No No No
Lead agent x report date FE No Yes Yes Yes No Yes Yes Yes
Bank internal loan rating No No Yes Yes No No Yes Yes
Mean of dependent variable 0.021 0.021 0.016 0.016 0.020 0.020 0.017 0.017
R? 0.080 0.340 0.420 0.421 0.163 0.438 0.543 0.543
N 6,573 6,573 9,229 9,229 1,938 1,938 3,787 3,787
Loan sample All loans All loans All loans All loans Term loans Term loans Term loans Term loans

Note: This table shows the results of regression 2 focusing on loans that are observed between 1 and 90 days
after origination. The unit of observation is a loan. The dependent variable is a dummy variable that is 1 if
the loan becomes non-accruing at any SNC report date after the report date that follows the loan origination
date and 0 otherwise. The main independent variable Lead agent sold its stake is a dummy variable that is
1 if the lead arranger has sold its entire loan share at the first SNC report date and 0 otherwise. The sample
is restricted to loans for which the first observation in the SNC data is within 400 days of the origination
of the loan. We exclude any loan for which the dependent variable already takes the value of 1 at the
first observation, i.e., the loan is already non-accruing. Included as loan controls are a term loan dummy,
a Term B loan dummy, a leveraged loan dummy, the logarithm of the total loan amount, the time since
origination, the loan maturity and the all-in-drawn spread (in percent). The all-in-drawn spread is obtained
from Dealscan. Standard errors are clustered by lead agent and by SNC report date. Significance levels:
*(p<0.10), **(p<0.05), ***(p<0.01).
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Table C.14: Performance Regression — Loans observed within 30 Days

Loan becomes non-accruing

(1) () (3) (4) (5) (6) (M ()
Lead share sold -0.011 -0.000 -0.010 0.013 0.018 -0.008**
(0.009) (0.011) (0.007) (0.013) (0.017) (0.003)
Agent retains no other exposure -0.126*** -0.037**
(0.047) (0.018)
All-in-drawn spread 0.018***  0.018*** 0.014* 0.016
(0.006) (0.006) (0.008) (0.010)
Loan controls Yes Yes Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No No Yes No No No
Lead agent x report date FE No Yes Yes Yes No Yes Yes Yes
Bank internal loan rating No No Yes Yes No No Yes Yes
Mean of dependent variable 0.025 0.025 0.017 0.017 0.023 0.023 0.018 0.018
R? 0.127 0.546 0.562 0.565 0.233 0.703 0.753 0.753
N 2,278 2,278 3,297 3,297 655 655 1,362 1,362
Loan sample All loans  All loans All loans All loans Term loans Term loans Term loans Term loans

Note: This table shows the results of regression 2 focusing on loans that are observed between 1 and 30 days
after origination. The unit of observation is a loan. The dependent variable is a dummy variable that is 1 if
the loan becomes non-accruing at any SNC report date after the report date that follows the loan origination
date and 0 otherwise. The main independent variable Lead agent sold its stake is a dummy variable that is
1 if the lead arranger has sold its entire loan share at the first SNC report date and 0 otherwise. The sample
is restricted to loans for which the first observation in the SNC data is within 400 days of the origination
of the loan. We exclude any loan for which the dependent variable already takes the value of 1 at the
first observation, i.e., the loan is already non-accruing. Included as loan controls are a term loan dummy,
a Term B loan dummy, a leveraged loan dummy, the logarithm of the total loan amount, the time since
origination, the loan maturity and the all-in-drawn spread (in percent). The all-in-drawn spread is obtained
from Dealscan. Standard errors are clustered by lead agent and by SNC report date. Significance levels:
*(p<0.10), **(p<0.05), ***(p<0.01).
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Table C.15: Performance Regression — Including Borrower FE

Loan becomes non-accruing

(1) 2) (3) (4) (5) (6) (M) (®)
Lead share sold -0.007* -0.005 -0.007*** -0.005 -0.004 -0.004
(0.004) (0.004) (0.003) (0.009) (0.009) (0.006)
Agent retains no other exposure -0.014 -0.018
(0.015) (0.025)
All-in-drawn spread 0.004* 0.003* 0.003 0.001
(0.002) (0.002) (0.003) (0.003)
Loan controls Yes Yes Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No No Yes No No No
Lead agent x report date FE No Yes Yes Yes No Yes Yes Yes
Bank internal loan rating No No Yes Yes No No Yes Yes
Borrower FE Yes Yes Yes Yes Yes Yes Yes Yes
Mean of dependent variable 0.024 0.024 0.023 0.023 0.027 0.027 0.023 0.023
R? 0.712 0.755 0.810 0.810 0.798 0.832 0.857 0.857
N 21,280 21,280 29,075 29,075 5,566 5,566 11,737 11,737
Loan sample All loans  All loans All loans All loans Term loans Term loans Term loans Term loans

Note: This table shows the results of regression 2 when also including borrower level fixed effects. The unit
of observation is a loan. The dependent variable is a dummy variable that is 1 if the loan becomes non-
accruing at any SNC report date after the report date that follows the loan origination date and 0 otherwise.
The main independent variable Lead agent sold its stake is a dummy variable that is 1 if the lead arranger
has sold its entire loan share at the first SNC report date and 0 otherwise. The sample is restricted to loans
for which the first observation in the SNC data is within 400 days of the origination of the loan. We exclude
any loan for which the dependent variable already takes the value of 1 at the first observation, i.e., the loan is
already non-accruing. Included as loan controls are a term loan dummy, a Term B loan dummy, a leveraged
loan dummy, the logarithm of the total loan amount, the time since origination, the loan maturity and the
all-in-drawn spread (in percent). The all-in-drawn spread is obtained from Dealscan. Standard errors are
clustered by lead agent, by SNC report date and by borrower. Significance levels: *(p<0.10), **(p<0.05),

4% (p<0.01).
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Table C.16: Performance Regression — Borrower Heterogeneity

Loan becomes non-accruing

(1) (2) (3) (4) (5) (6)
Lead share sold 0.027  -0.020"**  -0.013  -0.016**  -0.007  -0.014**
(0.049)  (0.007)  (0.013)  (0.007)  (0.016)  (0.006)

Lead share sold x log(Sales) -0.006

(0.007)
Lead share sold x Firm in Compustat 0.017*

(0.010)
Lead share sold x No. of past loans -0.001
(0.006)
Lead share sold x Public firm 0.003
(0.008)
Lead share sold x Firm has rating -0.009
(0.017)
Lead share sold x Middle-market firm -0.002
(0.018)

All-in-drawn spread 0.010***  0.012***  0.013***  0.012***  0.013***  0.013***

(0.004) (0.002) (0.002) (0.002) (0.002) (0.002)
Loan controls Yes Yes Yes Yes Yes Yes
Lead agent x report date FE Yes Yes Yes Yes Yes Yes
Mean of dependent variable 0.013 0.024 0.024 0.024 0.024 0.026
R? 0.072 0.049 0.048 0.049 0.048 0.048
N 4,127 21,280 21,280 21,280 21,280 19,287
Loans All loans All loans All loans All loans All loans  All loans

Note: This table shows the results of regression 2 with an additional term that interacts borrower charac-
teristics with the main independent variable Lead agent sold its stake. The main independent variable Lead
agent sold its stake is a dummy variable that is 1 if the lead arranger has sold its entire loan share at the first
SNC report date and 0 otherwise. The unit of observation is a loan. The dependent variable is a dummy
variable that is 1 if the loan becomes non-accruing at any SNC report date after the report date that follows
the loan origination date and 0 otherwise. The sample is restricted to loans for which the first observation in
the SNC data is within 400 days of the origination of the loan. We exclude any loan for which the dependent
variable already takes the value of 1 at the first observation, i.e., the loan is already non-accruing. Included
as loan controls are a term loan dummy, a Term B loan dummy, a leveraged loan dummy, the logarithm of
the total loan amount, the time since origination, the loan maturity and the all-in-drawn spread (in percent).
The all-in-drawn spread is obtained from Dealscan. Standard errors are clustered by lead agent, by SNC
report date. Significance levels: *(p<0.10), **(p<0.05), ***(p<0.01).
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Table C.17: Performance Regression — Syndicate Heterogeneity

Loan becomes non-accruing

(1) (2) (3) (4) (5)
Lead share sold -0.012 -0.012 -0.001 -0.025* -0.029**
(0.013)  (0.022)  (0.012)  (0.014)  (0.012)

Lead share sold x Number of funds in syndicate -0.001
(0.003)
Lead share sold x Number of lenders in syndicate -0.001
(0.005)
Lead share sold x Share of funds at first observation -0.016
(0.016)
Lead share sold x Syndicate interaction score 0.002
(0.002)
Lead share sold x Top 5 syndicate member 0.019*
(0.010)
All-in-drawn spread 0.013***  0.012***  0.013***  0.013***  0.013***
(0.002) (0.002) (0.002) (0.002) (0.002)
Loan controls Yes Yes Yes Yes Yes
Industry x report date FE Yes Yes Yes Yes Yes
Mean of dependent variable 0.024 0.024 0.024 0.024 0.024
R? 0.048 0.048 0.049 0.048 0.049
N 21,280 21,280 21,280 21,280 21,280
Loan sample All loans All loans All loans All loans All loans

Note: This table shows the results of regression 2 with an additional term that interacts the main inde-
pendent variable Lead agent sold its stake with syndicate characteristics. The main independent variable
Lead agent sold its stake is a dummy variable that is 1 if the lead arranger has sold its entire loan share at
the first SNC report date and 0 otherwise. The unit of observation is a loan. The dependent variable is a
dummy variable that is 1 if the loan becomes non-accruing at any SNC report date after the report date that
follows the loan origination date and 0 otherwise. Syndicate interaction score is a weighted average of how
many interactions the syndicate members had with the lead arranger through prior loans. Top 5 syndicate
member is a dummy that is one if a syndicate member is among the top 5 syndicate members that have
interacted the most with a lead arranger through prior loans. The sample is restricted to loans for which
the first observation in the SNC data is within 400 days of the origination of the loan. We exclude any
loan for which the dependent variable already takes the value of 1 at the first observation, i.e., the loan is
already non-accruing. Included as loan controls are a term loan dummy, a Term B loan dummy, a leveraged
loan dummy, the logarithm of the total loan amount, the time since origination, the loan maturity and the
all-in-drawn spread (in percent). The all-in-drawn spread is obtained from Dealscan. Standard errors are
clustered by lead agent, by SNC report date. Significance levels: *(p<0.10), **(p<0.05), ***(p<0.01).
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Table C.18: Performance — Secondary Market Loan Prices

Loan price (in LSTA) at first observation

(1) (2) (3) (4) (5) (6)
Lead share sold -0.026 -0.223 0.046 -0.066
(0.284) (0.265) (0.344) (0.279)
Agent retains no other exposure -0.444 0.422
(0.603) (0.665)
All-in-drawn spread -0.253* -0.143*** -0.141%**
(0.129) (0.050) (0.047)
Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes Yes No No No No
Lead agent x report date FE No No Yes Yes Yes Yes
Bank internal loan rating No No No Yes No Yes
Mean of dependent variable 98.9 98.9 98.9 99.0 98.9 99.0
R? 0.480 0.486 0.649 0.735 0.650 0.735
N 1,602 1,584 1,584 1,510 1,584 1,510
Loan sample Term loans Term loans Term loans Term loans Term loans Term loans

Note: This table shows the results of regression 2. The main independent variable Lead agent sold its
stake is a dummy variable that takes the value of 1 if the lead arranger has sold its entire loan share at
the first SNC report date. The variable No other exposure takes the value of 1 if the lead arranger has sold
its entire loan share at the first SNC report date and holds no other exposure of any kind to the borrower.
The unit of observation is a loan. The dependent variable is the LSTA secondary market price of the loan
at the first observation in SNC (the notional is 100 dollars). The sample is restricted to loans for which
the first observation in the SNC data is within 400 days of the origination and to which we can match the
LSTA loan pricing data. We exclude any loan that is non-accruing at the first observation. Included as loan
controls are a term loan dummy, a Term B loan dummy, a leveraged loan dummy, the logarithm of the total
loan amount, the time since origination, the loan maturity and the all-in-drawn spread (in percent). The
all-in-drawn spread is obtained from Dealscan. Standard errors are clustered by lead agent, by SNC report
date. Significance levels: *(p<0.10), **(p<0.05), ***(p<0.01).
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Table C.19: Performance: Sold Loans with Borrower-Level Lead Shares

Panel A - Non-accruing

Loan becomes non-accruing

(1) (2) ®3) 4) ®) (6)

Borrower-level lead share [0, 0.5%) -0.004 -0.001 -0.014** -0.004 0.004 -0.011*
(0.011) (0.009) (0.004) (0.009) (0.010) (0.007)
All-in-drawn spread 0.012*** 0.012*** 0.009*** 0.009***
(0.003) (0.002) (0.003) (0.002)
Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead Agent x report date FE No Yes Yes No Yes Yes
Bank internal loan rating No No Yes No No Yes
Mean of dependent variable 0.024 0.024 0.023 0.027 0.027 0.024
Adj. R? 0.036 0.085 0.180 0.029 0.121 0.157
N 21,280 21,280 29,075 5,566 5,566 11,737
Loans All Loans All Loans All Loans Term Loans Term Loans Term Loans

Panel B - Non-pass rated

Loan receives ‘non-pass’ rating

(1) (2) ®3) 4) ®) (6)

Borrower-level lead share [0, 0.5%)  -0.038**  -0.054***  -0.021** -0.020 -0.040** -0.003
(0.015) (0.012) (0.009) (0.016) (0.016) (0.010)
All-in-drawn spread 0.040*** 0.041*** 0.021*** 0.023***
(0.003) (0.004) (0.004) (0.004)
Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead Agent x report date FE No Yes Yes No Yes Yes
Bank internal loan rating No No Yes No No Yes
Mean of dependent variable 0.099 0.099 0.082 0.090 0.090 0.079
Adj. R? 0.071 0.121 0.166 0.054 0.144 0.153
N 20,027 20,027 26,959 5,036 5,036 10,589
Loans All Loans All Loans All Loans Term Loans Term Loans Term Loans

Note: This table shows the results of regression 2 but with the borrower-level lead share as independent
variable. The specification is as in Table 3, except for the main independent variable. The main independent
variable Borrower-level lead share [0, 0.5%) is a dummy variable that is 1 if the borrower-level lead share
is at least 0 and less than 0.5%. Standard errors are clustered by lead agent and by SNC report date.
Significance levels: *(p<0.10), **(p<0.05), ***(p<0.01).
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Table C.20: Performance: Continuous Borrower-Level Lead shares

Loan becomes non-accruing

(1) () 3) (4) (5) (6)

log(1+Borrower-level lead share) 0.015 0.001 0.021 0.089* 0.070 0.040

(0.025) (0.019) (0.024) (0.049) (0.046) (0.031)
All-in-drawn spread 0.012%** 0.012%** 0.010*** 0.009***

(0.003) (0.002) (0.003) (0.002)
Loan controls Yes Yes Yes Yes Yes Yes
Industry x report date FE Yes No No Yes No No
Lead Agent x report date FE No Yes Yes No Yes Yes
Bank internal loan rating No No Yes No No Yes
Mean of dependent variable 0.024 0.024 0.023 0.027 0.027 0.024
R?2 0.047 0.161 0.282 0.066 0.236 0.341
N 21,280 21,280 29,075 5,566 5,566 11,737
Loans All Loans All Loans All Loans Term Loans Term Loans Term Loans

Note: This table shows the results of regression
ProblemAfterLoanSold; s—,r = B + S1log(1 + BorrowerLeadShare; ;) + SzLoanRisk; + 83X + € ¢,

where ProblemAfterLoanSold; ;_,7 is a dummy variable that is 1 if loan | becomes non-accruing at any SNC
report date after the first report date ¢ . The unit of observation is a loan (i.e., every loan is included only
once in the analysis). The dependent variable is a dummy variable that is 1 if the loan becomes non-accruing
at any SNC report date after the report date that follows the loan origination date and 0 otherwise. The
main independent variable BorrowerLeadShare is the logarithm of 1 plus the borrower-level lead share. The
sample is restricted to loans for which the first observation in the SNC data is within 400 days of the loan’s
origination. We exclude any loan for which the dependent variable already takes the value of 1 at the
first observation, i.e., the loan is already non-accruing. Included as loan controls are a term loan dummy,
a Term B loan dummy, a leveraged loan dummy, the logarithm of the total loan amount, the time since
origination, the loan maturity, and the all-in-drawn spread (in percent). The all-in-drawn spread is obtained
from Dealscan. Standard errors are clustered by lead agent and by SNC report date. Significance levels:
*(p<0.10), **(p<0.05), ***(p<0.01).
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D Investigation of Other Borrower Exposure

D.1 FExposure through credit lines

When the lead arrangers sell their lead share, they often — but not always — have other
exposure to the borrower through other loans, particularly credit lines which are almost
never sold. We investigate further how often term loans are originated together with credit
lines and how often firms have a credit line outstanding when a term loans is sold by the
lead arranger.

Table D.1 reports that in 47% of the cases in which the lead arranger sells its share right
after origination, the term loan is originated without a credit line in the same loan package.
Moreover, for 26% of term loans in which the lead arranger has sold its share, the borrower
has no credit line outstanding at the first review date after origination (either from the same
package or an older package).

We also provide these numbers for different sub-samples within SNC as well as within
Dealscan. However, it is important to remember that the point in time at which we observe
loans is different in the two data sets: in SNC we observe loans at (typically annual) review
dates, while in Dealscan we observe only loan origination data. In SNC, credit lines that
matured before the review date do not show up in the analysis. In contrast, because we do
not observe loans after origination in Dealscan, we assume that any credit line is active until
the stated loan maturity. Thus, the numbers in Dealscan are biased downwards relative to
SNC. How much will depend on how many credit lines mature before their stated maturity
date (e.g., due to a covenant violation). Despite this timing difference, we find that the
numbers are not too different across the different data sets. In general, there are slightly
more term loans without a credit line in the same package in SNC (50%) than in Dealscan
(38%). For the sample of SNC loans that we could match to Dealscan, we find a similar
number (40%) compared to all loans in Dealscan. We find similar numbers for term loans
without any credit line outstanding (34% in SNC, 19% in the matched SNC-Dealscan, and
20% in Dealscan).

The fact that the numbers are similar in the SNC-Dealscan and Dealscan suggests that
any difference is less likely to arise from the idiosyncracies of the data, but more likely to arise
because of a different borrower and loan composition. In particular, SNC likely contains a
larger fraction of private, smaller, and more creditworthy borrowers who generally have less
often a credit line. Greenwald et al. (2023) reports that while almost large firms have a credit
line outstanding, only 60% of small firms have one outstanding. In unreported analysis, we

have confirmed that we are more likely to match a loan in SNC if the loan is larger as well
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as if the loan is classified as leveraged. This makes sense given that larger loans are more
likely to appear in data sets and Dealscan tends to include all public borrowers (since it also
includes loan information retrieved from SEC filings). Moreover, the SNC requirement that
three banks or more must hold a loan means that some of the riskiest loans might not be
included in the data set (as banks face high capital charges for these loans). Note that this

bias implies for our analysis that we potentially understate the frequency of lead share sales.

Table D.1: Outstanding Credit Lines for Term Loan Originations

No credit line No credit line

in same outstanding

package at first review
SNC - term loans conditional on lead share sales (1) 47% 26%
SNC - term loans of small borrowers (2) 57% 52%
SNC - term loans of large borrowers (3) 45% 29%
SNC - all term loans (4) 50% 34%
SNC-Dealscan term loan sample (5) 40% 19%
Dealscan - all term loans (6) 38% 20%
Dealscan - term loans of private borrowers (7) 39% 23%
Dealscan - term loans of public borrowers (8) 35% 10%
Dealscan - non-leveraged term loans 9) 56% 41%
Dealscan - leveraged term loans (10) 30% 11%
Dealscan - leveraged term loans of public borrowers (11) 31% 8%

Note: This table examines the share of loans with no outstanding credit line for originated term loans. For
Dealscan, we use the loan origination date of the term loan and assume that the actual maturity of any
credit line is equal to its stated maturity. We use the total number of loans observed in SNC as a proxy for
the firm size in SNC. We split firms in small and large based on the median size. We use the “leveraged”
loan indicator in the market segment of Dealscan to classify loans as leveraged loans in Dealscan. We use the
“privatepublic” identifier in Dealscan to identify public firms in Dealscan. When the identifier is missing,
we classify the firm as private.

To show that a difference in borrower composition is ultimately driving the difference
between SNC and Dealscan, we split the SNC sample into large and small borrowers. Con-
sistent with Greenwald et al. (2023), we find a large difference between the two groups of
firms. We also split the Dealscan sample into (i) private and public borrowers, and (ii)
leveraged and non-leveraged term loans. We again find that private borrowers are less likely
to have a credit line in the same package (39%) as well as outstanding (23%) when they
originate a term loan. Similarly, non-leveraged term loans are less likely accompanied by

a credit line (41%). This can also explain why our baseline results are different from the
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results in Berlin et al. (2020) who focus on loan deals that include a leveraged tranche and
whose credit agreement can be found on the SEC website (and therefore focus on public
borrowers). Focusing on the subset of leveraged term loans originated by public borrowers,
we find that only 8% of these borrowers have no credit line outstanding at origination. This
is also close to the 7% that Berlin et al. (2020) report based on Dealscan data (page 269).

D.2 Decomposition of Other Exposure

In this section, we investigate other borrower exposure of lead arrangers when they sell their
lead share. Table D.2 shows that for a non-trivial number of loans (37%) the lead agent has no
exposure to borrowers whose loans it sells. In the majority of these cases, the lead arranger
already lacks exposure at origination (33%), and in a few cases, the exposure disappears
after the loan has been originated (4%). When focusing on sold term loans and sold term
B loans, lead arrangers have no other exposure at some point in 30% and 25% of the cases,
respectively. This lack of exposure often comes from the fact that many borrowers have no
credit line outstanding. The table further breaks out whether the lead arranger comes from
undrawn or drawn credit lines and whether the exposure comes from loans originated within

the same deal as the loan.
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Table D.2: Retained Borrower Exposure After Lead Share Sales

Fraction of loans for which the
lead share is sold after origination

All loans Term loans Term B loans

Lead agent has no exposure 37% 30% 25%
Lead agent has other exposure 63% 70% 75%
e Undrawn credit lines 17% 23% 23%
e Drawn credit lines or term loans 46% 47% 52%
Lead agent has other exposure 63% 70% 75%
e In other loan deal 16% 20% 23%
e In same loan deal 47% 50% 52%
Number of loans 6,733 3,712 897

Note: This table examines the residual exposure of the lead arranger to a borrower when it sells its lead
share. For each loan sold by the arranger, we aggregate the exposure of this arranger to the same borrower
(at the level of the holding company) through all other loans in the SNC data to determine whether the
agent has other exposure to the borrower. Loans are weighted equally. We distinguish whether the residual
exposure comes exclusively from undrawn credit lines, or from at least one drawn credit line or term loan,
and whether the exposure is through loans in the same loan deal or another one. We define no exposure as
the lead arranger not having exposure at any point during the loan duration through the retention of other
loans in excess of $1 million. We use this threshold because in SNC the lead arranger is sometimes assigned
residual commitment after rounding errors so that the commitments add to 100% and because sometimes
the lead arranger holds a minuscule share in loans due to its role of market making in the secondary market.
This threshold amounts to 0.3% for the average loan and substantially less for the average loan package.
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D.3  Selling Propensity With and Without Other FExposure

We also assess whether loans for which the lead arranger holds no other exposure are more
or less likely to be sold. Table D.3 find that loans for which the agents retains no other

exposure are more likely to be sold.

Table D.3: Lead Share Sales and Other Exposure
Lead share sold
(1) (2) (3) (4) () (6)

Agent retains no other exposure  —0.024*** 0.014* 0.022 0.062*** 0.129*** 0.125%**
(0.007) (0.007) (0.015) (0.015) (0.043) (0.042)
Time since origination 0.027*** 0.094*** 0.154***
(0.007) (0.022) (0.057)
Time to maturity 0.020*** 0.034*** 0.036***
(0.001) (0.003) (0.008)
Log(Loan size) 0.007*** 0.058*** 0.054***
(0.002) (0.005) (0.011)
Leveraged loan 0.119*** 0.201*** 0.134***
(0.016) (0.026) (0.036)
Term loan 0.153***
(0.011)
Constant 0.104*** —0.181*** 0.243*** —1.124*** 0.454*** —0.912***
(0.005) (0.043) (0.014) (0.099) (0.026) (0.196)
R2? 0.002 0.114 0.001 0.153 0.010 0.101
N 71,007 71,007 14,867 14,867 1,879 1,879
Loan Type All Loans  All Loans Term Loans Term Loans Term B Loans Term B Loans

Note: This table reports results from regression:
LeadShareSold; = 5y + 1 AgentRetainsNoOtherExposure; + €,

For each loan observed after origination, Agent retains no other erposure is one if the lead arranger has no
exposure of more than $1 million in other loans of the same borrower at the first report date of the sold loan.
We use the threshold of $1 million because SNC assigns residual commitments stemming from rounding
errors to the lead arranger so that the total commitment adds to the loan size. In addition, lead arrangers
often act as market makers on the secondary market for loans they originate and thus can have minuscule
retention. For the average loan, the threshold amounts to 0.3% of the loan size. Loan controls are defined
as in Table 3. The standard errors are clustered by lead arranger and by SNC report date.
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E Robustness: Pipeline Risk

In the main text we showed that when negative news about the borrower arise during the
syndication process, then the lead arranger is less likely to sell off its entire lead share. Here,
we show that this holds for the general level of the lead share (i.e., also the intensive margin).

Specifically, we estimate the following equation:
LeadShare;; = 3y + f1Borrower Information; ;a5 + B3Xi1 + €14, (E.1)

where LeadShare; ;—¢ is a variable between 0 and 1 denoting the share of a loan [ held by the
lead arranging bank at the first observation.

The results are reported in Table E.1. A 10 cent per dollar of face value decline in
borrowers’ other loan prices is associated with a 3 percentage points larger lead share (column
(1)). The effect reduces to 2 percentage points and becomes statistically indistinguishable
from zero for the same fall in aggregate loan prices (column (2)). The coefficient in column
(3) implies that a 10 percentage points lower idiosyncratic stock price volatility is associated
with a 8 percentage points lower lead share. These results are very similar to the baseline
version presented in the main text and suggest that changes in borrowers’ fundamentals
or general credit demand are associated with a larger loan retention by the lead arranger

consistent with pipeline risk.
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Table E.1: Pipeline Risk — Continuous Lead Share

Share of the lead agent
(1) (2) (3)

ABorrower’s loan price —0.003**
(0.001)

ALSTA Leveraged Loan Index —0.002

(0.002)
Borrower’s stock volatility 0.008*

(0.004)

Loan controls Yes Yes Yes
Lead agent x report date FE Yes Yes Yes
All-in-drawn spread Yes Yes Yes
R2 0.465 0.488 0.616
N 619 9,883 2,103
Loan sample All loans  All loans  All loans

Note: This table shows the results of regression (E.1). The unit of observation is a loan. The dependent
variable is the share of the lead agent at the first SNC observation. ABorrower’s loan price is the 45-day
price change in other outstanding loans of the borrower prior to origination. ALSTA Leveraged Loan Index
is the 45-day change in the S&P/LSTA US Leveraged Loan Index prior to origination. Borrower’s stock
Volatility is computed using daily equity returns in excess of predicted returns in a 45-day window prior to
origination, measured in percent. Predicted returns are based on beta estimated with daily returns prior to
the syndication process. The loan controls are the time since origination, the loan maturity, the logarithm
of the loan amount, a leveraged loan dummy, a term loan dummy, a term b dummy and the all-in-drawn
spread. The standard errors are clustered by lead arranger and by SNC report date. Significance levels:
*(p<0.10), **(p<0.05), ***(p<0.01).
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