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1 Introduction

Financial distress and bankruptcy impose significant costs on corporate borrowers and,
in turn, shape their ex ante cost of capital, resource allocation, industry dynamics, and
aggregate investment and employment. Understanding the microfoundations of these
costs is essential both for analyzing how they vary across macroeconomic conditions and
for designing policies to mitigate their adverse effects.

A large literature emphasizes frictions inside the formal bankruptcy process, espe-
cially Chapter 11. Stakeholder conflicts, asymmetric information, and judicial discretion
or inexperience can distort bankruptcy outcomes, leading to excessive liquidation, ineffi-
cient continuation, and delayed resolution (e.g., Corbae and D’Erasmo, 2021; Dou et al.,
2021a).! These frictions can generate substantial losses for distressed and bankrupt firms.

This paper studies a different source of distress costs: the cost of obtaining survival-
critical liquidity. Liquidity is especially valuable in distress, including bankruptcy, be-
cause it gives firms time to restructure, preserves going-concern value, improves bar-
gaining power, accelerates resolution, and prevents fire sales (e.g., Asquith et al., 1994;
Gilson, 1997; Dahiya et al., 2003). Yet firms in severe distress or bankruptcy must raise
this liquidity in specialized lending markets where financing is exceptionally expensive
even after adjusting for risk.

We show that lender market power is the primary driver of these high risk-adjusted
tinancing costs. Quantitatively, this market power reduces survival-critical liquidity (op-
erating cash flows available during distress) by 16-20%, substantially amplifying value
destruction in financial distress and bankruptcy. To quantify this channel, we provide
micro-level evidence on both the magnitude and sources of distressed financing costs.
We conduct a structural estimation exercise using a granular dataset of distressed loans,
that is, loans to borrowers in financial distress or bankruptcy, containing detailed infor-
mation on loan yields, contractual terms, fees, loan sizes, lender participation, and bid-
ask spreads in secondary loan markets, along with auxiliary data on credit default swap
(CDS) spreads and loan and bond recovery rates. To our knowledge, this dataset is the
most comprehensive of its kind and offers a unique lens for analyzing the financial bur-
dens faced by distressed borrowers.

Specifically, we embed these data in a game-theoretic model that captures both strate-
gic interactions among lenders and latent heterogeneity in borrowers’ loan demand. The
framework nests non-collusive competition, tacit collusion through loan syndication, and
perfect cartel behavior, allowing us to estimate the costs of intermediary market power
for distressed borrowers and decompose them into three key components: (i) the block-

ing power of existing creditors, (ii) market concentration among specialized lenders, and

ISee Wang (2022) and Hotchkiss et al. (2023), among others, for recent surveys.



(iii) tacit collusion among these lenders in distressed lending markets.

A crucial step in understanding these financing costs is to recognize the structure of
distressed loan markets. There are primarily two loan markets for distressed corporate
borrowers: (i) the debtor-in-possession (DIP) loan market for firms undergoing Chapter
11 bankruptcy, and (ii) the highly speculative loan market for firms deeply in financial
distress but not yet bankrupt. Much like intensive care units (ICUs) in the healthcare sys-
tem, distressed loan markets, though not the largest in asset size, serve a vital function in
the financial system by providing urgent funding to distressed firms at critical moments.

Importantly, the two lending markets for distressed corporate borrowers are both
highly segmented and highly concentrated, with a small number of specialized lenders
playing a dominant role. These lenders wield significant market power due to several
factors. First, severe liquidity constraints and limited funding options weaken borrow-
ers’ bargaining power. Second, high entry costs from specialization and regulatory barri-
ers create segmented, concentrated markets with limited competition (e.g., Eisfeldt et al.,
2023). Third, by holding control rights over distressed borrowers” assets, existing credi-
tors can exercise blocking power, restricting access to external funding and discouraging
specialized lenders from joining syndications. Fourth, regulatory exemptions, such as
the exclusion of syndicated loans from SEC registration and anti-fraud provisions, lower
litigation risks and make anti-competitive behavior easier to sustain. Finally, dominant
lenders frequently syndicate with one another, reinforcing cooperative ties and enhanc-
ing their market power.

As a key contribution, this paper documents that a significant portion of loan yield
spreads in these markets cannot be explained by credit and liquidity risk premia. Even
after accounting for these risk components, a substantial unexplained yield spread re-
mains, which we term the risk-adjusted yield spread. Over the past two decades, the av-
erage risk-adjusted yield spread has been 711 basis points for DIP loans and 308 basis
points for highly speculative loans. Notably, these spreads do not follow clear cycli-
cal patterns or strongly comove with macroeconomic conditions. This finding stands
in sharp contrast to corporate bond markets and investment-grade loan markets, where
credit and liquidity risks explain nearly all of the yield spread (e.g., Longstaff et al.,
2005; Blanco et al., 2005). Cross-sectional evidence further shows that risk-adjusted yield
spreads are higher for smaller borrowers and for borrowers facing fewer specialized
lenders in the syndicate. These patterns suggest that lender market power may play an

important role in distressed lending markets.

2These concerns have drawn increasing attention from regulators. Following the European Union
(EU) report on competition in loan syndication (European Commission et al., 2019), authorities have
begun scrutinizing potential explicit collusion among syndication lenders, particularly in the form of
“club deals.” The EU report examines leveraged buyouts (LBOs) and project/infrastructure finance across
France, Germany, the Netherlands, Poland, Spain, and the UK.



Despite empirical evidence of concentrated lending markets and ultra-high risk-
adjusted yield spreads, identifying lender market power and assessing its impact on
the financing costs for distressed corporate borrowers remain challenging. First, high
risk-adjusted loan spreads may not necessarily reflect lender market power. Instead,
they may capture substantial private costs incurred by lenders in making loans, such
as search, screening, monitoring, and information production costs, which are inher-
ently unobservable to econometricians. Second, estimating borrower demand elasticity
requires identifying both the demand system and the supply structure, but this is diffi-
cult because loan-making costs and some sources of demand heterogeneity are not di-
rectly observed, creating an omitted-variable problem. Third, potential collusion among
lenders in these distressed lending markets is inherently implicit, making it difficult, if
not impossible, to measure using empirical proxies. Finally, whether a distressed bor-
rower ultimately secures a syndicated loan from specialized lenders or instead relies on
alternative funding sources, such as hedge funds or private equity firms, is highly en-
dogenous. A credible estimate of the value of these outside options is therefore essential
for understanding the overall cost of borrowing.

To overcome these challenges, we develop and estimate a novel structural model that
exploits the implications of lender market power for distressed borrowers. The model
provides a unified characterization for both the DIP loan market and the highly specu-
lative loan market. The model incorporates both the demand and supply sides of dis-
tressed lending markets. On the demand side, it characterizes the demand curves of dis-
tressed corporate borrowers by specifying the risk-adjusted yield spread they are willing
to pay for a given loan amount. We provide micro-foundations for these demand curves
in the spirit of Hendel (1999), taking into account how leverage affects the borrower’s de-
fault risk. On the supply side, the model characterizes loan origination as a three-stage
process. First, the distressed borrower negotiates with its existing creditors for financing.
Second, if the existing creditors decline to lend, the borrower approaches a group of spe-
cialized lenders, who choose whether and how to participate in a syndicated loan. Third,
if no specialized lender is willing to participate, the borrower turns to hedge funds and
private equity firms, which serve as lenders of last resort and extract the entire surplus.
Strategic interaction among specialized lenders is central to our analysis, and we model
it within a repeated-game framework (e.g., Fudenberg and Maskin, 1986; Rotemberg and
Saloner, 1986).> The model features imperfect competition among a clique of specialized
lenders, who choose whether to participate in loan syndication and, conditional on par-
ticipating, whether to lend cooperatively or non-cooperatively, taking into account how

SRelatively few studies examine the asset-pricing implications of strategic competition in repeated
games. Recent exceptions include Opp et al. (2014), Dou et al. (2021c,d), Chen et al. (2021), Dou et al.
(2022), and Bryzgalova et al. (2025).



current lending decisions affect expected future payoffs from syndication. This unified
framework nests both collusive and non-collusive equilibria in a coherent way, ensuring
that collusive capacity is determined endogenously and co-varies with other equilibrium
outcomes, such as the number of specialized lenders and the size of the syndicated loan.
More broadly, our paper makes an important methodological contribution by endogeniz-
ing the level of sustainable collusion in a repeated game and identifying it from the data.*

The model is analytically tractable, allowing us to derive a closed-form characteriza-
tion of the joint distribution of exogenous characteristics and endogenous equilibrium
outcomes on both the demand and supply sides, including borrower size, borrower type,
lender type, syndicate composition, loan amount, and loan yield spread. This char-
acterization makes likelihood-based estimation feasible. We estimate the model using
Bayesian Markov Chain Monte Carlo (MCMC) methods and comprehensive datasets of
436 DIP loan facilities from 2002-2019 and 435 highly speculative loan facilities from
2001-2017, manually constructed from loan and court documents with detailed infor-
mation on loan pricing and contract terms.

The Bayesian MCMC procedure recovers the posterior distribution of structural pa-
rameters and latent heterogeneity in borrower demand curves, conditional on the ob-
served data. Bayesian MCMC is well suited to this setting. It treats latent utilities, de-
mand shocks, and random coefficients as unobserved variables. It then samples them
jointly with the structural parameters. This approach is widely used in structural in-
dustrial organization and quantitative marketing. Our estimation approach is closely re-
lated to Imai et al. (2009) and Norets (2009): all use Bayesian MCMC to jointly estimate
structural parameters and latent demand heterogeneity. Their methods target dynamic
discrete-choice models, combining model solution with posterior simulation; we apply
a related Bayesian logic to estimate borrower demand curves with latent heterogeneity
jointly with the supply-side pricing game, treating loan spreads as endogenous equilib-
rium outcomes. Furthermore, rather than estimating a standalone demand curve, our
method jointly estimates loan demand and supply-side pricing, or a more general pric-
ing equation, treats price (that is, the loan yield spread) as endogenous, and uses la-
tent variables within the MCMC procedure to capture unobserved heterogeneity across
distressed borrowers and loan demand shocks, similar to Yang et al. (2003), Jiang et al.
(2009), and Li and Ansari (2014), among others.

4For example, our approach differs from that of Nevo (2001), who studies a model with perfect col-
lusion that may be infeasible under the estimated parameters. More recent work in empirical industrial
organization (e.g., Ciliberto and Williams, 2014; Miller and Weinberg, 2017) modifies this approach by al-
lowing departures from the non-collusive Nash equilibrium to depend exogenously on observed charac-
teristics, such as the “multi-route contact” between carriers in Ciliberto and Williams (2014). Our paper
goes one step further by endogenizing how departures from the non-collusive Nash equilibrium depend
on structural parameters and borrower characteristics.

Bayesian MCMC methods have seen rapid growth in finance research (Sorensen, 2007; Johannes and



Our method differs from the traditional instrumental-variable approach used in Berry
(1994); Berry, Levinsohn, and Pakes (1995, hereafter BLP). The IV approach identifies de-
mand from exogenous shifts in supply, whereas our approach uses the joint distribution
of equilibrium observables to recover latent demand curves and structural parameters si-
multaneously.® Despite these different identifying assumptions, IV and full-information
maximum likelihood estimators are equivalent when the instruments span all overiden-
tifying restrictions implied by the model (e.g., Hausman, 1975).

Our estimation delivers several novel findings. First, lenders’ tacit collusion accounts
for a sizable component of risk-adjusted yield spreads, amounting to about 140 bps in
both markets. Second, borrowers in the two markets exhibit similarly low price elas-
ticities of demand. Taken together, these results imply that the higher excess spread in
the DIP loan market cannot be explained by differences in collusive capacity or demand
elasticity across the two markets. Instead, the key factors distinguishing the two mar-
kets are existing lenders” blocking power and variable lending costs. Existing lenders’
blocking power accounts for 380 bps of the DIP loan spread, compared with 152 bps
of the highly speculative loan spread, suggesting substantially stronger blocking power
among existing creditors in the DIP loan market. We also find that DIP lenders incur
significantly higher variable loan-making costs: the estimated variable cost is 180 bps in
the DIP loan market, much higher than that in the highly speculative loan market, con-
sistent with the greater complexity of DIP financing and reorganization bargaining.

Our decomposition of risk-adjusted yield spreads allows us to identify which bor-
rowers are most exposed to lender market power. We partition borrowers into size quin-
tiles and repeat the analysis for small borrowers in the bottom quintile and large bor-
rowers in the top quintile. The results are striking: shutting down lender collusion re-
duces loan yield spreads by about 75 (121) bps for large borrowers and by 161 (166) bps
for small borrowers in the DIP loan (highly speculative loan) market. Thus, small bor-
rowers are especially vulnerable to institutional lender market power, mainly because
they have lower loan-demand elasticity and give specialized lenders weaker incentives
to deviate from coordination in loan syndication. These findings suggest that policies
designed to support distressed firms during economic and financial crises should place
particular emphasis on small firms, given their weaker bargaining positions and disad-
vantageous access to distressed loan markets.

Lastly, we use the estimated model as a laboratory to evaluate regulatory interven-
tions. In particular, we consider a government special purpose vehicle that participates

in the loan syndication process, and analyze lenders’ strategic responses to this policy

Polson, 2010; Kortweg, 2010).
®Allen et al. (2018) is another exception that does not rely on IV to estimate demand. They exploit
unique features of parallel multi-unit auctions to identify demand elasticities.



and its implications for borrower welfare.

Related literature. Our paper contributes to the literature on bankruptcy and financial
distress costs. Bankruptcy costs are central to ex ante financial distress costs because
tirms and investors anticipate restructuring and liquidation losses before bankruptcy oc-
curs (e.g., Bris et al., 2006; Bernstein et al., 2019; Pulvino, 1999; Corbae and D’Erasmo,
2021; Dou et al., 2021a; Antill, 2022; Graham et al., 2023; Ma et al., 2023; Antill and
Hunter, 2024). Prior work shows that limited liquidity can destroy firm value by weak-
ening consumer demand through concerns about future product quality (Hortagsu et al.,
2013), eroding customer capital as key talent leaves distressed firms (Dou et al., 2021b),
and generating distress-competition feedback, in which tighter funding constraints and
intensified product-market competition reinforce each other (Chen et al., 2024). Dahiya
et al. (2003) and Eckbo et al. (2023) show that DIP financing provided to firms filing for
bankruptcy is critical for addressing their liquidity issues yet carries high yield spread
and fees. We identify a distinct liquidity-driven value-destruction channel: distressed
firms must obtain survival-critical liquidity precisely when financing markets are most
costly. Although liquidity preserves going-concern value, improves bargaining power,
accelerates resolution, and prevents fire sales (e.g., Asquith et al., 1994; Gilson, 1997;
Dahiya et al., 2003), distressed and bankrupt firms raise this liquidity in specialized lend-
ing markets where financing remains exceptionally expensive even after adjusting for
risk. This paper shows that lender market power reduces survival-critical liquidity by
16-20%, substantially amplifying value destruction in financial distress and bankruptcy.

Our study contributes to the literature on strategic competitive interaction, especially
tacit collusion. Classic repeated-game theories show how collusion can be sustained
through future punishments and rewards (e.g., Green and Porter, 1984; Sannikov and
Skrzypacz, 2007). Modern IO research shows how market leaders sustain market power
through strategic competitive tactics, such as tacit collusion and implicit coordination,
across various markets and settings (e.g., Harrington and Skrzypacz, 2011; Asker and
Bar-Isaac, 2014; Miller and Weinberg, 2017; Miravete et al., 2018; Clark et al., 2024), with
important macroeconomic implications (Syverson, 2019). Strategic interaction among
major banks can also have real effects: Asker and Ljungqvist (2010) show that firms
avoid sharing investment banks with product-market rivals because of information-
leakage concerns, shaping bank competition, underwriting fees, and corporate invest-
ment, while Corbae and Gofman (2021) show how interbank lending can sustain collu-
sion by allowing banks to share rents and commit not to compete in private lending. We
complement this literature by focusing on distressed loan markets, where we show that
lender market power and tacit collusion in loan syndications impose real costs on bor-

rowers. We extend prior work by using granular loan-level data and a structural model



of lender-borrower strategic interaction to quantify the dynamics and real consequences
of financial-market collusion.

This paper also contributes to the burgeoning literature on how inelastic interme-
diary investment decisions distort asset prices away from risk-based fundamentals in
macro-finance and capital markets (e.g., Koijen and Yogo, 2019; Gabaix and Koijen, 2023;
Bretscher et al., 2026). We complement this literature by studying distressed loan mar-
kets and by microfounding intermediary inelasticity as an endogenous outcome of spe-
cialized lenders’ market power, sustained by strategic competitive interactions, espe-

cially tacit collusion in repeated syndication.

2 Background and Motivating Evidence

2.1 Background

The loan markets for distressed corporate borrowers, while not the largest in terms of
market value, are among the most important asset markets in the economy. Firms in
financial distress often rely on these markets for critical financing to maintain work-
ing capital, support investment, and service liabilities. Without such financing, oper-
ations may be disrupted, potentially forcing inefficient liquidation. As a result, these
markets materially affect the survival prospects of distressed firms and the efficiency of
the bankruptcy process (Altman, Hotchkiss, and Wang, 2019). More broadly, they play
a central role in determining the cost of financial distress for the corporate sector, even
from an ex ante perspective.

There are two primary loan markets for distressed borrowers. The first is the DIP
loan market, in which financing is extended to firms that have already filed for Chap-
ter 11 bankruptcy. The second is the highly speculative loan market, in which loans are
provided to firms that are severely distressed but have not yet entered bankruptcy, typi-
cally those with an S&P credit rating of CCC+ or lower. For most firms, these two mar-
kets operate in parallel rather than sequentially, because prepetition distressed lending
and DIP financing are alternative funding channels tied to different legal regimes and
restructuring choices, rather than consecutive stages of a single financing ladder. Our
data are consistent with this parallel structure.”

We emphasize that the significance of an asset market is not always reflected by its
size. Consider the Intensive Care Unit (ICU) analogy: although it constitutes less than
10% of hospital admissions and beds, it is critical for the entire healthcare system’s func-
tionality. Similarly, DIP loans and highly speculative loans may comprise only about

7 A small number of firms in our data obtain prepetition rescue financing and later seek DIP financing
after filing for Chapter 11, sometimes from the same lenders.



10% of the annual outstanding leveraged loans, yet they play an analogous role to the
ICU in the financial system. Their importance becomes particularly evident during pe-
riods of stress. For example, their share rose to over 45% in 2009 during the Great Re-
cession. Likewise, during the COVID-19 pandemic, an unprecedented number of large
firms filed for bankruptcy, and many turned to distressed loan markets for liquidity De-
Marzo et al. (2020). In essence, distressed loan markets play a role in the financial sys-
tem analogous to that of ICUs in healthcare.

We construct a novel and comprehensive dataset on DIP loans from 2002 to 2019 and
the highly speculative loans from 2001 to 2017. To the best of our knowledge, this is
the first study to develop comprehensive facility-level panel datasets for both types of
distressed loan markets. The construction of the loan samples is described in Sections
5.1 and 5.2. Summary statistics indicate that DIP loans and highly speculative loans
have average maturities of 11 and 49 months, respectively, with syndicates comprising
2.29 and 3.78 major lenders. The average loan-to-asset ratios are approximately 10.7%
for DIP loans and 13.5% for highly speculative loans. The average risk-adjusted yield
spreads over LIBOR are about 711 and 308 basis points, respectively.

2.2 Motivating Evidence

We document stylized facts from the U.S. DIP loan market and the highly speculative
loan market that together point to substantial market power of financial intermediaries

over distressed borrowers.

Stylized Fact 1: Concentrated Markets Dominated by Specialized Lenders. We define
major lenders as those holding key syndicate roles, such as lead arranger and agent bank,
as identified from financing motions and master credit agreements, following Jiang et al.
(2010). We then classify loans into three categories based on lender type: existing-creditor
loans, specialized-lender loans, and last-resort loans. A specialized lender is a lender that ranks
among the top 10 by the number of loans financed as a major lender in our sample,
regardless of the number of major lenders in the syndicate. Specialized-lender loans
are loans involving at least one specialized lender. Existing-creditor loans are those
provided exclusively by a single lender that is an existing creditor but not classified as
a specialized lender. Last-resort loans contain those where more than 50% of the major
lenders are hedge funds and private equity funds.

Panel A of Table 1 lists the specialized lenders in each of the two markets. Panel
B reports, for each loan type defined by lender type, its share of the total number of
loans and total loan dollar volume. A few important points are worth mentioning. First,

Panel A reveals that specialized lenders are generally large banks considered system-



Table 1: Specialized lenders and market concentration

A. Names of specialized lenders

Rank DIP loan market Highly-speculative loan market
Lender name # of deals Lender name # of deals

1 Wells Fargo 96 Bank of America 183

2 Bank of America 88 JP Morgan Chase 179

3 JP Morgan Chase 88 Wells Fargo 122

4 GE Capital 82 Citigroup 103

5 Citigroup 67 Credit Suisse 103

6 Deutsche Bank 41 Deutsche Bank 100

7 Credit Suisse 31 Goldman Sachs 60

8 Wachovia Bank 28 Wachovia Bank 28

9 Wilmington Trust 27 GE Capital 56

10 CIT Group 21 Wachovia Bank 53

B. Three loan types

Loan type DIP loans Highly-speculative loans

(defined by lender type) #of #frac. $of §frac #of #frac. $of §frac
deals deals deals deals

Type 1: Existing creditor 56 12.80% 5 4.90% 50 11.49% 12 5.45%

Type 2: Specialized lender 334 76.60% 94  92.16% 332 76.32% 199  90.45%

Type 3: Lender of last resort 46 10.60% 3 2.94% 53 12.18% 9 4.10%

Total 436 100% 102 100% 435 100% 220 100%

Note: The loan size is measured by constant 2019 dollars and presented in the unit of billion dollars. The highly speculative
loan sample includes only facilities after removing those with negative adjusted spreads. The first type includes loans provided
exclusively by a single lender, who is an existing creditor but not categorized as a specialized lender. These are designated as
existing-creditor loans and marked as Type 1. The second type comprises loans supplied by at least one specialized lender in scenarios
involving multiple major lenders, as well as loans offered by a single specialized lender who is not an existing creditor. These are
identified as specialized-lender loans and indicated by Type 2. The third type consists of loans where more than 50% of the major
lenders are hedge funds and private equity funds, termed last-resort loans and denoted by Type 3.

ically important financial institutions. Second, Panel B demonstrates that specialized-
lender loans account for 76.60% (92.16% in dollar terms) of the DIP loan market and
76.32% (90.45% in dollar terms) of the highly speculative loan market, respectively. In
addition, Figure Al in Appendix B shows that specialized lenders repeatedly syndi-
cate with one another as joint major lenders within a small lending “club,” rather than
with other lenders. Finally, specialized lenders are largely overlapping (8 out of 10) be-
tween the DIP and highly speculative loan markets as specialized skills in distressed re-
structuring and bankruptcy are essential for becoming a major player in these markets.
These facts indicate that the loan markets for distressed corporate borrowers are charac-
terized by market segmentation, high concentration, significant barrier of entry, and the
repeated syndication relation among a clique of specialized lenders.

Stylized Fact 2: Ultra-High Risk-Adjusted Yield Spreads. In addition to market con-

centration, we document a substantial markup component in the total cost borne by dis-

9
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Figure 1: Risk-adjusted yield spreads and shares of specialized-lender loans

tressed borrowers. We measure the total cost to the borrower (TCB), in basis points, as
the all-in borrowing cost per dollar drawn under the loan commitment. Specifically, TCB
is defined as the interest rate spread over LIBOR plus fees paid to lenders, calculated as

follows:

TCB Spread = Interest Rate Spread + Annual Fee
+ Upfront Fee/Risk Neutral Expected Loan Maturity in Years
+ Risk Neutral Expected Annualized Default Fee, (1)

where we consider three main types of fees paid by the borrower, including upfront
fee, annual fee (or facility fee), and state-contingent fee such as default interests. Our
measure, which incorporates both interest spreads and fees paid to lenders, is consistent
with the literature (e.g., Ivashina, 2009; Lim et al., 2014; Berg et al., 2016). As emphasized
by Berg et al. (2016), lenders use a combination of spreads and fees, rather than any single
component, to achieve target returns. Including fees is therefore essential, particularly in
distressed settings where lenders with greater market power may extract rents through
fees as well as interest rates.®

To understand how lender market power drives the cost to distressed borrowers,

we remove the credit- and liquidity-premium components from TCB, because they are

8The details on the calculation of the risk-neutral expected loan maturity in years and the risk-neutral
expected annualized default fee in Equation (1) is in Section 5.3 and Online Appendix OA.1.
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we group together loans with different numbers of lenders when the syndicates are large (e.g., DIP loans with 4-5 lenders and highly
speculative loans with 5-7 lenders), because such loans are fewer in the data.

Figure 2: Average risk-adjusted yield spreads and syndication concentration.

compensations for lenders taking the credit and liquidity risks of the loans. We focus
on the remaining component of TCB, which we refer to as risk-adjusted spreads. The
detailed estimation procedure for these risk components is described in Section 5.3.
Panel A of Figure 1 plots the annual average risk-adjusted yield spread of DIP loans
together with the annual share financed by specialized lenders. Panel B reports the
corresponding series for the highly speculative loan market. Several observations stand
out. First, the share of loans financed by specialized lenders remains persistently high
over time, with no obvious cyclical pattern or clear comovement with aggregate financial
conditions. This suggests that the high concentration of distressed lending markets is not
a temporary feature of particular periods, but a persistent feature of market structure.
Second, the average risk-adjusted yield spread also remains persistently high, ranging
from roughly 450 to 1000 basis points for DIP loans and 150 to 400 basis points for
highly speculative loans, again with no obvious cyclical pattern or clear comovement

with aggregate financial conditions.

Stylized Fact 3: Syndication Concentration and Risk-Adjusted Yield Spreads. We
examine how the number of specialized lenders in a loan syndicate relates to the risk-
adjusted yield spread. If ultra-high risk-adjusted spreads are mainly driven by lim-
ited competition, then more concentrated syndicates should be associated with higher
spreads. Figure 2 confirms this prediction: the risk-adjusted yield spread declines mono-
tonically with the number of specialized lenders in the syndicate. This pattern points to
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an important role for lender market power in shaping distressed borrowers’ financing

costs.

2.3 Sources of Market Power for Lenders in Distressed Loan Markets

In distressed loan markets, corporate borrowers typically rely on a clique of specialized
lenders that provides a substantial share of financing. The novel evidence in Section 2.2
shows that, even after adjusting for credit and liquidity risk, loan yield spreads remain
exceptionally high. This pattern suggests that these lenders possess substantial market

power, for at least three main reasons.

(i) Sole Source of Urgent External Financing. Distressed borrowers have weak bar-
gaining positions, and their demand for loans is likely to be highly inelastic. They face
acute liquidity needs and require capital urgently to sustain operations. At the same
time, they typically have few, if any, unencumbered assets that can be pledged as collat-
eral for new secured borrowing. Unlike non-distressed firms, they have little access to
alternative sources of external finance, such as equity issuance, bond financing, or unse-
cured credit lines. Moreover, distressed borrowers are often reluctant to approach many
lenders or conduct an open auction to obtain better loan terms, because information leak-

age could harm their security prices, profit margins, customer base, and supply chains.

(ii) Tacit Collusion through Repeated Syndication among Specialized Lenders. High
entry barriers result in segmented distressed lending markets in which a small clique of
specialized lenders captures most market activity. These barriers are high not only be-
cause distressed lending is costly, but also because the required investments are fixed,
specialized, and largely sunk. A lender must develop restructuring expertise, bankruptcy-
law knowledge, collateral valuation capacity, monitoring infrastructure, and the ability
to manage complex and fragile bargaining relationships with borrowers, existing credi-
tors, advisors, and other syndicate members. These investments pay off only with long-
term repeated deal flow. For occasional entrants, expected lending opportunities are too
limited to justify the costly entry, leaving the market to established specialized lenders.
Potential entrants may also be deterred by regulatory capital requirements. For exam-
ple, under Basel III, loans to firms with higher default risk carry higher risk weights, re-
quiring financial institutions to hold more regulatory capital. This “club” of specialized
lenders may engage in tacit collusion in lending, facilitated by close and repeated syn-
dication relationships (Cai et al., 2018; Hatfield et al., 2020). Such repeated interactions
give these lenders both the incentives and the ability to sustain implicit coordination in

loan provision.
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(iii) Existing Creditors” Blocking Power over Outsiders. Existing creditors often dis-
courage and restrain specialized lenders from participating in loan syndications for dis-
tressed borrowers, even when the borrowers prefer to invite more outsider lenders. Ex-
isting creditors have strong incentives to block outsider lenders because they are reluc-
tant to share the investment opportunity and are concerned about ex-post coordination
issues and creditor conflicts during bankruptcy processes (Gertner and Scharfstein, 1991;
Morris and Shin, 2004; Brunner and Krahnen, 2008; Dou et al., 2021a). These creditors
can exert substantial control over the distressed borrower to prevent the introduction
of new lenders, for example, by threatening early liquidation at the interim date after
key covenant violations. Consequently, competing outside lenders are likely to be shied
away from the deals, allowing existing creditors to hold up borrowers for ultra-high risk-
adjusted yield spreads (e.g., Sharpe, 1990; Schenone, 2010; Santos and Winton, 2008).

3 Environment

These empirical patterns motivate a game-theoretic model of imperfect competition in
the DIP loan and highly speculative loan markets, two lending environments that share
a common origination process. We introduce the model environment in this section and

characterize the equilibrium in the next section.

3.1 Borrowers

Distressed Borrowers’” Demand Curve for Loans. Our model features heterogeneous
corporate borrowers. Each borrower is characterized by its size, A, and demand-curve
type, k € 1,...,K. A distressed borrower of size A and type k faces the following

downward-sloping demand curve:

In (%) = ay — & In(R) + 0z, (2)

where L denotes the loan amount borrowed by the distressed firm, and R is the risk-
adjusted yield spread it pays for the loan. The intercept aj captures the level of demand
and the slope ¢, captures the elasticity of demand, both of which depend on the bor-
rower’s type k. The term oz represents the latent demand shock, in which ¢ controls
the volatility of the shock and z is assumed to follow the standard normal distribution.
Equation (2) is a standard iso-elastic demand curve. Consistent with the literature (e.g.,
Atkeson and Burstein, 2008), we assume that ¢, > 1.

The latent type k captures heterogeneity in borrowers” demand for financing at a
given risk-adjusted yield spread. This type is observed by lenders but unobserved by
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the econometrician. The latent demand shock z captures additional borrower-specific
demand shifts that are unobservable to lenders ex ante. This latent heterogeneity may
reflect differences in underlying characteristics such as continuation value, internal lig-
uidity, asset pledgeability, refinancing urgency, investment opportunities, bargaining po-
sition, outside options, and existing-loan covenant constraints, which may collectively
shape expected new-loan covenant terms. We interpret k and z as reduced-form con-
trols for latent demand heterogeneity, rather than as structural estimates of the effects of
these underlying characteristics.

We provide a micro-foundation for the demand curve in Appendix A by deriving it
from a standard optimization problem in which distressed borrowers choose the opti-
mal loan amount to maximize their gains. In doing so, borrowers take into account bor-
rowing costs determined not only by the risk-adjusted yield spread, R, but also by credit
and liquidity risk premia, both of which increase with the loan-to-asset ratio, L/ A. As
shown in Appendix A, the sensitivity of these premia to L/ A is fully captured by the
coefficients «; and ¢.

Joint Distribution of Borrower Size A and Type k. We assume that borrowers are in-
dependently and identically distributed with respect to borrower size and demand curve
type. Borrower size follows a distribution with discrete support A = {Ay,---,Aj}, and
k also follows a distribution with discrete support K = {1, --- ,K}. To allow for a possi-

ble dependence between A and k, we specify the joint distribution of A and k as:

euk+bk In(A)

Pr (A, k) x Pr(A), 3)

= 1+ 215:2 eak/'H?k/ In(A)
where A € A and k € K with normalization a; = b; = 0. The probability Pr(A) is given
by the empirical distribution of A.

3.2 Lenders

Three Types of Lenders. There are three lender types, indexed by I € {1,2,3}: the
existing creditor (I = 1), the specialized oligopolistic lender (I = 2), and the non-
specialized lender of last resort (I = 3), such as hedge funds and private equity firms.

Existing creditors (I = 1) possess substantial blocking power, which operates through
two channels. First, they may block the borrower’s access to outside lenders and thereby
monopolize the origination of the new loan. Second, even when outside financing is
permitted, they have both the incentive and the ability to limit participation by external
lenders in the syndicate, as discussed in Section 2.3 (iii).

Specialized lenders (I = 2) decide whether to join the syndicate for the distressed
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Syndication of specialized lenders Collusive lending by specialized lenders

with deterrence of large syndication [specialized lenders syndicate]
[wj is the disutility from participation] [observe k, z, u]
[w; < w* for some specialized lender] [decide if deviate and pay C, = e®2+5%]
Unsuccessful
external
Prob=1— 4 financing block
Distressed No specialized lender participates Monopoly lending by last-resort lenders
borrower due to deterrence of large syndication __ [hedge funds and private equity funds]
demand [w; is the disutility from participation] [observe k, z, u]
for loans [w; > w*for all specialized lenders] [pay C3 = e®s+5Y]
Prob = 4, Monopoly lending by the existing creditor

Successful external

______________ >
financing block [observe k, 2, u]

[pay C; = e®r*¥]

Note: This figure depicts the timeline of the model. In Stage 1, a distressed borrower arrives and negotiates with its existing
creditor, who may exercise blocking power to monopolize the new loan with probability A;. In Stage 2, if the existing creditor fails
to block external financing, the borrower seeks funding from specialized oligopolistic lenders, each of whom privately observes a
participation cost and decides whether to join the syndicate; those with sufficiently low costs form the lending group and jointly
determine the loan terms. In Stage 3, if no specialized lender chooses to participate, hedge funds and private equity firms serve as
lenders of last resort, extending credit at substantially higher risk-adjusted yield spreads.

Figure 3: Model timeline

borrower. There is a stable group of m specialized oligopolistic lenders. Entry entails
a lender-specific participation cost induced by deterrence from the existing creditor, so
participation depends on this cost as well as on expected lending profits. Conditional on
participation, we model competition among specialized lenders as Cournot, consistent
with the literature on imperfect competition in credit markets (e.g., Corbae and Levine,
2024). Repeated syndication within a stable group of specialized lenders also creates
scope for tacit collusion.

Lenders of last resort (I = 3), such as hedge funds and private equity firms, are
the borrower’s fallback source of financing. Borrowers turn to them only after existing
creditors and specialized lenders decline to lend. These lenders face much higher re-
quired return and therefore charge higher yields, making them an unattractive option
for distressed borrowers. Once borrowers turn to them, however, few alternative fund-

ing sources remain, so these lenders effectively extend credit monopolistically.

Model Timeline. Our model uses a sequential game to describe how distressed firms
obtain loans, as illustrated in Figure 3. Distressed borrowers arrive in the market accord-
ing to a Poisson process with arrival rate #. A distressed borrower of type k and size
A must first negotiate with its existing creditor, I = 1, for the go-ahead to seek external
funding, reflecting one dimension of the creditor’s blocking power. With probability Ay,
the existing creditor successfully blocks external financing, and the borrower receives fi-
nancing internally. With probability 1 — Ay, the existing creditor fails to block external

tinancing, allowing the borrower to seek funding from specialized lenders. Each spe-
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cialized lender i privately observes its own participation cost w;, which differs across
lenders, before making its participation decision. Specialized lenders with sufficiently
low participation costs, w; < w*, where w* is the endogenously determined equilibrium
threshold, join the syndicate and jointly determine the loan size based on the downward-
sloping demand curve in (2).

It is possible that no specialized lender chooses to participate in the syndicated loan;
that is, all specialized lenders have w; > w*. In such cases, hedge funds and private
equity firms serve as lenders of last resort (I = 3), extending credit at substantially
higher risk-adjusted yield spreads because of their greater bargaining power and higher
loan-making costs. As with existing creditors, the last-resort lender exercises monopoly
power over the distressed borrower.

Loan Supply and Its Costs. When extending a loan, a lender faces a downward-sloping
demand curve as specified in (2), and it chooses the its own loan supply L to maximize
its lending profit, internalizing both the per-unit lending cost it bears, C;(u), and the
effect of L on the risk-adjusted yield spread, R (L, A, k, z; Lower), which is implied by (2).
Here, L. denotes the aggregate loan supply it perceives to be provided by other lenders
in the syndicate, if any. The lender’s profit is

T (L/ A/ k/ X; Lother) = [R(L/ A/ k/ Z; Lother) - Cl (u)] L/ (4)

where | € {1,2,3} indicates the lender type, k represents the latent borrower type, z
captures the latent demand shock, and u is the latent cost shock associated with loan
supply. To simplify notation, let x = (z,u) denote the borrower-lender characteristics

(i.e., demand- and supply-side shocks). The per-unit lending cost is specified as

In (Cy(u)) = ¢ + 61, )

where ¢ is the expected lending cost for type-I lenders, and u is i.i.d. supply-side shock.
Specialized lenders incur a participation cost, w;, to join loan syndication. We specify
w; to follow the cumulative distribution function

Flw;p) =1—e /1, (6)

which is common knowledge among all agents in the model. Similar to A, which cap-
tures the existing creditor’s ability to monopolize additional lending by blocking out-
side entry, the average cost parameter y captures the creditor’s ability to deter special-
ized lenders from entering the syndicate. A higher y implies stronger deterrence.
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4 Equilibrium

4.1 Existing Creditor’s Problem

The existing creditor acts as a monopolistic lender to the borrower, and thus L., = 0 in
(4). Upon observing the latent borrower type k and borrower-lender characteristics x =
(z,u), the existing creditor chooses its loan supply L to maximize profits. Specifically, it

first solves R(L, A, k,z;0) as a function of L from the demand curve (2), which gives

1/£k
R(L, Ak, z0) = (e"‘“‘”%) , (7)

It then substitutes (7) into (4) and takes FO.C. w.r.t. L, which yields the optimal risk-

adjusted yield spread and loan size:

€k
Ry(k,x) = ske—ile%ﬂ” and Lq(Ak x) = (1 — i) hi(k,x)A, (8)

where I (k, x) has the following expression for [ = 1:
In (hy(k,x)) = ay — ex(¢; +gu) + 0z, for all lender types ! =1,2,3. )

Loan markup equals [Rq(k, x) — e?1164] /ef176" = 1/ (g, — 1), suggesting that the markup

ratio decreases with the elasticity ¢,. When the elasticity ¢ is lower, the borrower’s loan

demand is effectively more urgent and pressing, leading to a higher markup.
Accordingly, the optimal expected profit, averaging over the vector of borrower-lender

latent characteristics x = (z,u), is

gr—1
I (A, k) = i (1 _ %) (KA, (10)

where #; (k) has the following expression when [ = 1:

In (H; (k) = ax — (e — 1)y + (ex — 1)?¢2/2+0%/2, for all lender types ! = 1,2,3. (11)

4.2 Specialized Lenders’ Problem

We solve the specialized lenders” problem in three steps. We first describe the equilib-
rium of loan origination when syndication may be collusive. We then provide an analyt-
ical characterization of the equilibrium. Finally, we establish the existence of a collusive
Nash equilibrium and show that, among all value-maximizing collusive Nash equilibria,

the one closest to the perfect-cartel benchmark is unique.
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4.2.1 Potential Collusive Lending among Specialized Lenders

Once the distressed borrower turns to specialized lenders, as illustrated in Figure 3,
each specialized lender decides whether to join the syndicate by comparing its privately
observed participation cost w with the expected profit from lending, integrating over the
possible realizations of x = (z,u) and taking into account the possible participation of
other lenders. This decision follows a cutoff rule: only lenders with w < w* participate,
where the cutoff w* is determined by the indifference condition between participating
and not participating.

Because expected lending profits depend on how specialized lenders strategically in-
teract after entry, the cutoff w* is itself equilibrium-dependent. To model this strate-
gic interaction, we consider a general collusive Nash equilibrium that nests two polar
benchmark cases: the perfect-cartel outcome and the non-collusive Nash equilibrium.
This framework captures a central feature of distressed-loan markets discussed in part
(ii) of Section 2.3: tacit collusion can naturally arise among a small and stable set of spe-
cialized lenders in repeated syndicated distressed lending.

This feature is also consistent with the data (see the stylized facts in Section 2.2). In
practice, specialized lenders repeatedly meet in syndicates and form ongoing relation-
ships. More broadly, an oligopolistic market structure combined with repeated interac-
tion creates a natural environment for tacit collusion (e.g., Carrasco and Manso, 2006;
Nocke and White, 2007; Hatfield et al., 2020).°

At one end of the collusive-Nash-equilibrium spectrum lies the perfect-cartel out-
come, in which specialized lenders fully coordinate, lend as a unified monopolist, and
then divide the total loan among themselves. The corresponding participation cutoff is
denoted by wj},. This benchmark captures explicit collusion, which in practice can be sus-
tained through binding agreements. Explicit collusion differs fundamentally from tacit
collusion in both economic and legal terms. At the other end lies the non-collusive Nash
equilibrium, in which specialized lenders compete independently and each maximizes
current profit given the lending decisions of others, without regard to future interac-
tions. The corresponding participation cutoff is denoted by wy;.!

Between these two polar benchmark cases, we consider collusive equilibria with vary-
ing degrees of collusive capacity, in which specialized lenders sustain intermediate com-

petition through tacit collusion. This outcome is supported solely by the threat of rever-

9In credit markets dominated by a small number of large institutions, strategic interaction is common.
For example, Knittel and Stango (2003) document tacit collusion under state-level interest-rate ceilings
in the early-1980s credit-card market. In April 2019, the European Commission released a report on EU
loan syndication that raised concerns about tacit collusion among syndicate lenders, warning that such
coordination could distort competition by aligning interest rates and exchanging future cooperation for
current restrictions on loan supply.

19Both benchmarks are described in detail in Online Appendix OA.3.
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sion to non-collusion after a deviation, without any binding agreement. A lender devi-
ates only if the short-run gain exceeds the expected cost of future punishment; otherwise,
the collusive outcome is sustained by incentive-compatibility (IC) constraints alone. As
a result, tacit collusion generates supra-competitive profits that lie between those of the
two benchmark cases.

Break-Even Condition for the Participation Cutoff w*. Each participation cutoff w,
with s € {C,N, M}, is determined by a break-even condition that makes a lender indif-
ferent between participating in the syndicate and abstaining. A specialized lender par-
ticipates if and only if its expected profit from syndication weakly exceeds its participa-
tion cost. Therefore, the cutoff w; is given by

w! = EA¥ [113’””’ [TI3(A K, m')|m’ > 1}} , se{C,N,M} (12)

where IT5(A, k,m) denotes the equilibrium expected lending profit under equilibrium
s € {C, N, M}, corresponding to the collusive, non-collusive, and cartel equilibrium; and
m is the number of specialized lenders that choose to participate in the syndicate. In
case s € {C, M, N}, it holds that

3|

m = 1{wi§w§}. (13)

1

I
—_

Endogenous Distribution of the Number of Specialized Syndicators m. The break-
even condition in (12) defines a fixed-point problem for w;, because the right-hand side
depends on w; through the distribution of m. The participation cost w follows the expo-
nential distribution with CDF given in (6). Therefore, for a given participation cutoff w*,
the probability that a specialized lender participates in the syndicate is F(w*; ). Since
there are m specialized lenders in the market and each draws its own w independently,
the number of specialized lenders participating in a syndicate, m, follows a binomial dis-

tribution:
gs(m|wy) = (Z)F(w;‘,y)m 11— F(w;‘;y)]m_m, with s € {C, N, M}. (14)

Collusion Capacity . We now introduce a parameter governing the sustainability of
tacit collusion. A specialized lender may deviate from the collusive loan amount to
raise current profit, taking the loan amounts of the other syndicate lenders as given.
Such a deviation, however, triggers a breakdown of tacit collusion in future periods with
probability ¢ € [0,1], thereby lowering the lender’s continuation value. The parameter

¢ therefore captures the strength and credibility of punishment. When ¢ is close to
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zero, deviations are unlikely to be punished, so tacit collusion is difficult to sustain
and the equilibrium approaches the non-collusive Nash outcome. When ¢ is close to
one, deviations are likely to be punished, which discourages deviation and shifts the

equilibrium toward the perfect-cartel outcome.!!

4.2.2 Characterizing the Equilibrium for Specialized Lenders

We first solve the optimal loan size L3 and risk-adjusted loan spread Rj for the cartel
(s = M) and non-collusive equilibrium (s = N), two benchmark cases in our model. The
solutions presented in Online Appendix OA.3 reveal an important homotheticity feature

of the model: the equilibrium loan size L}! and LY share the same functional form of
L5(A,k,x,m) = L°5(A, k,m) hy(k,x) A, (15)

with the coefficient LM(A, k,m) = 1 (1 - %)Sk and LN (A k,m) =1 (1 - m%kyk solved
from the corresponding equilibrium, and h,(k, x) defined in (9) for I = 2.

Exploiting this functional form, we now solve the equilibrium loan amount LS and
risk-adjusted loan spread RS for the collusive equilibrium. The solution critically de-
pends on the collusion capacity ¢. Following the functional form, we express the equi-
librium loan amount LS as

LS (A k x,m) = LE(A,k,m) hy(k, x) A, (16)

where the coefficient L (A, k,m) is to be solved in the collusive equilibrium below.'? The
corresponding loan spread RS (A, k, x,m) is obtained by substituting (16) into the spread
equation implied by the demand curve:

l/Ek
R (Lg, Ak, z; (m — 1)L2C> = <e"‘k+‘72%> , (17)
2

Thus, the expected profit from collusive lending, denoted by I1S (A, k, m), averaged
over the borrower-lender latent characteristics x = (z, 1), is given by

LE(Ak,m)Hy(k)A, (18)

C 1 1/£k
sk = | (ectaga)

Even when ¢ = 1, the collusive equilibrium need not coincide with the perfect-cartel outcome if the
resulting loss in continuation value is still insufficient to deter deviation.

2Unlike £M (A, k,m) and LN(A, k,m), which are independent of borrower size A, LE(A, k,m) may
depend on borrower size A explicitly. The reason is that specialized lenders decide whether to deviate
after observing A, so deviation incentives depend on borrower size. Intuitively, a larger A increases the
short-run gain from deviation, making tacit collusion harder to sustain for a given punishment intensity.
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where Hj (k) is defined in (11) with [ = 2.
We now solve for the key coefficient £L(A, k, m) in the collusive equilibrium by com-
paring the benefits and costs of deviating from collusion.

Profit Gain from Deviation. If a specialized lender deviates, it chooses LY to maximize
its lending profit this period, assuming that each of the other m — 1 specialized lenders
still supplies LS in the syndicate:

LY (A, k, x,m; L) = argmax [R (L, Ak, z; (m — 1)Lg> — e‘PZ*g”} L
L

1/Sk
m—1)Ly

This yields the following expression for the deviating loan amount:

= argmax
L

LY (A, k, x,m; £LC) = LP(A, k,m; LV hy (K, x) A, (20)

where LP (A, k,m; LC) is determined from the first-order condition. The expected profit
from deviation, denoted by I—IIZD (A, k,m; EC), averaged over the borrower-lender latent
characteristics x = (z,u), is given by

1 1/Sk
7 LC) = — 1| LP(A, k,m; LC)Ha (k) A
HZ (A/k/m/£ ) [(ﬂD(A,k,m;EC)—l-(Wl—l)EC) L ( 4 /mﬁ )H2( )
The incentive to deviate is measured by
AP (A, k,m; £C) = IR (A, k,m; £C) —TIS (A, k, m). (21)

A larger gap between I12(A,k,m; L) and I1S (A, k,m) implies a stronger incentive to
deviate from the collusive loan amount.

Continuation Value Loss from Deviation. Along the collusive equilibrium path, a spe-
cialized lender that follows the prescribed collusive allocation in the current syndica-
tion preserves its ability to earn collusive profits in future syndications. Its continuation
value is therefore

1

WE=_—
1-9

EA [(1 — ) BV [(HE(A’, K, m') — w’> 1 {w,SwE}H . (@)

Here, 6 € (0,1) denotes the effective discount factor. It incorporates 7, the arrival rate
of distressed borrowers, which captures the expected number of lending opportuni-
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ties per unit of time in the distressed-loan market.!

Equation (22) can be interpreted
as follows. For any future borrower, specialized lenders have an opportunity to lend
only if the existing creditor does not block access to external financing, which occurs
with probability 1 — Ay, Conditional on such access, a specialized lender obtains a net
gain from participating equal to its expected lending profit minus its participation cost,
IIS(A’,K',m") — w'. This gain is realized only when the lender chooses to participate in
the syndication, that is, when its participation cost w’ is below the endogenous cutoff
w¢, as captured by the indicator 1 {w/ <wz}- Because both @’ and the number of partic-
ipating lenders m’ are stochastic, expected net gains are taken over their joint distribu-
tion. In addition, future borrowers differ in size A’ and type k', so we also integrate over
their distribution. The continuation value W€ is then the present value of this stream of
expected future gains, with the factor 15 capitalizing perpetual payoffs.

By contrast, if a specialized lender deviates in the current loan syndication, it will
be punished and pushed into the non-collusive equilibrium with a probability ¢. Its

continuation value thus becomes
WP = ewN 4+ (1 - &) W€, (23)

where WY denotes the continuation value under the non-collusive equilibrium:

WN — %EA’,V [(1 — Ap) BV KHIZ\’(A/, K m') — w/> 1{w/§me . (24)

The difference between these continuation values,
WE—WP =W —wh),

is the disciplining force that deters deviation and sustains tacit collusion. The term
WC — WN captures the maximal continuation-value loss from deviation, while the pa-
rameter ¢ determines what fraction of that loss is actually realized by governing the
probability that tacit collusion breaks down and the syndicated loan deals reverts to the

non-collusive equilibrium in future periods.

Incentive-Compatibility Conditions. Tacit collusion can be sustained only if the spe-
cialized lender’s IC constraint holds. This constraint, together with the break-even cut-
off condition, determines the collusive loan size EC(A, k,m) defined in (16). For a given

cutoff wf, let L¢(w’) denote the IC-feasible set consisting of all mappings L(A,k, m)

13Under this parametrization, the actual discount factor per unit of time is 6y = 1 — (1 — 4).
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from A x K x M to R such that the following three conditions hold:

LM(Ak,m) < L(AKkm) < LN(A K m), (25)
E(WE —WN) > AP(A, k,m; L), (26)
wh = EA¥ []Em’ [ng (A K, ') | m' > 1“ . 27)

Condition (25) requires the collusive loan supply to lie between the perfect-cartel bench-
mark and the non-collusive outcome. Condition (26) is the incentive-compatibility con-
dition ensuring that no lender wishes to deviate. Condition (27) is the break-even con-
dition determining the equilibrium participation cutoff w¥. The feasible set ILC(w) de-
pends on w} because W in (26) depends on w, and the expectation over m’ in (27) also
depends on w¢ through the endogenous distribution of syndicate size m.

4.2.3 Existence and Uniqueness.

We now establish the existence and uniqueness of the value-maximizing collusive Nash
equilibrium. Consider a collusive syndicated-lending outcome characterized by a par-
ticipation threshold w}. and an associated lending policy £¢(-), satisfying the following

conditions:
(i) the collusive lending outcome is incentive-compatible, thatis, £°(-) € IL¢(w); and

(ii) among all incentive-compatible lending outcomes, characterized by pairs (w*, E(-)),
such that £¢(+) € LS (w}.), the pair (w}, £°(+)) maximizes the specialized lenders’
continuation value W€.

The following proposition establishes the existence of a collusive Nash equilibrium
and the uniqueness of the equilibrium that lies closest to the perfect-cartel benchmark
among all value-maximizing collusive Nash equilibria. This result provides the theoret-

ical foundation for identifying the structural model. The proof is given in Appendix C.

Proposition 4.1 There exists at least one pair (w., £C(~)) that characterizes a collusive Nash
equilibrium of the model. Among all collusive Nash equilibria, the maximal continuation value
WC is attained by at least one value-maximizing equilibrium. Furthermore, among all such value-
maximizing collusive Nash equilibria, there exists a unique equilibrium that lies closest to the
perfect-cartel benchmark, in the sense that its participation threshold w¢- is closest to the perfect-
cartel cutoff wj,.
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4.3 Last-Resort Lender’s Problem

If no specialized lender is willing to lend, the borrower will turn to a lender of last
resort, who acts as a monopolistic lender. It chooses the loan size that maximizes its
lending profit given the latent borrower type k and the vector of borrower-lender latent
characteristics x = (z,u). Solving the lender’s profit-maximization problem yields:

€

€k
R3(k,x) = sk—fle‘%ﬂ” and L3(Akx) = (1 - 81_k> hs(k,x)A, (28)

where h3(k, x) is defined in (9) for I = 3. And the expected profit is

1 1 Sk—l

mak =2 (1-2) Hh(ka )
€k €k

where H3(k) is defined in (11) for I = 3. The solutions are similar to those for existing

creditors in (8) and (10), because they both act as monopolistic lenders, and differ only

in the cost parameter ¢;.

5 Data Sample

We construct a comprehensive data sample that includes loans to both public firms
already in Chapter 11 bankruptcy (i.e., DIP loans) from 2002 to 2019, and financially
distressed but not yet bankrupt U.S. public firms (i.e., highly speculative loans) from
2001 to 2017. This section provides a detailed description of the data construction process
and presents summary statistics of the two loan samples.

5.1 Debtor-in-Possession (DIP) Loans

A US. firm filing for Chapter 11 bankruptcy can obtain post-petition financing, com-
monly known as DIP financing, to support working capital and pay expenses in the
bankruptcy process under Section 364 of the Bankruptcy Code. This law provision per-
mits the bankrupt firm to arrange a DIP loan with super-priority status over all adminis-
trative expenses after notice and a court hearing. With existing lenders’ court approval,
a DIP loan can be secured by a senior or equal lien on a property that is already subject
to a lien (i.e. the “priming lien” provision). These loan contracts are short term and typ-
ically contain extensive protective features such as restrictive covenants and milestones
(Skeel, 2004; Ayotte and Elias, 2020; Eckbo et al., 2023). With such security and lender
protection provision, the default risk of DIP loans are very low, comparable to that of
high investment-grade loans (Eckbo et al., 2023).
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Our initial sample, following Eckbo et al. (2023), includes all DIP loans to Chapter 11
tilings by large U.S. public firms (with assets above $100 million in constant 1980 dol-
lars) from 2002-2019, compiled from the UCLA-LoPucki Bankruptcy Research Database,
Bankruptcydata.com, the Public Access to Court Electronic Record (PACER), and the
Dealscan. We exclude DIP loans issued during the COVID-19 period and after, as gov-
ernment interventions such as emergency lending facilities and fiscal support programs
materially affected credit supply and pricing, potentially confounding our analysis. We
define three types of DIP loans based on the types of their major lenders: (i) existing-
creditor loans (Type 1), (ii) specialized-lender loans (Type 2), and (iii) last-resort lender
loans (Type 3). We remove DIP loans that cannot be classified into any of the above three
types and keep a final sample of 436 DIP-loan facilities.!* We retrieve firms’ key finan-
cial information immediately before Chaper 11 filing from Compustat.

Table 2, Panel A, presents the summary statistics of our sample firms which obtained
DIP-loan facilities. Firms in our sample are large, with average book assets of $3.7 billion
and average of book liabilities of $3.5 billion respectively. The 436 loan facilities in our
final sample have an average maturity of 10.6 months and amount to 10.7% of firms’
book assets on average. Each facility has an average of 2.3 major lenders. Type-2 loan is
the most dominant type, accounting for 76.6% of all DIP loans, while type-1 and type-3

loans account for 12.8% and 10.6%, respectively.

5.2 Highly Speculative Loans

We next assemble a dataset of loans to financially distressed firms that are not yet in
bankruptcy. We rely on both credit default swap (CDS) prices and credit ratings to
identify financially distressed firms. Using CDS prices is a market-based approach that
is forward-looking and directly measures the cost for a firm to raise financing in the
financial markets. With the rapid development and high trading liquidity in the credit
derivative markets, several recent studies use CDS prices to assess the financial health of
tirms (e.g., Hortacsu et al., 2013; Brown and Matsa, 2016; Dou et al., 2024).

We retrieve monthly five-year CDS prices on senior unsecured bonds of U.S. public
issuers from IHS Markit database and monthly S&P Long-Term Domestic Issuer Ratings
of U.S. public firms from Compustat for the period from 2000-2017. Our sample ends in
2017 because Compustat stopped providing S&P ratings for U.S. public firms after that
year. We use two criteria to identify the beginning of a firm’s distressed period: (1) the
tive-year CDS price exceeds 1000 bps or (2) the firm’s S&P credit rating drops to CCC+ or
lower, whichever occurs first. We adopt the 1,000 basis point threshold for CDS spreads

4These loans include the case of General Motors as its DIP-loan, the largest size history ($33 billion),
was provided by U.S. and Canadian governments with a large component of subsidy, and loans that are
provided by potential acquirers that use the DIP loan to bridge takeover.

25



because prior studies classify bonds with yield spreads above the risk-free rate exceeding
1,000 basis points as distressed (Altman et al., 2019). We use CCC+ as the rating cutoff
because loans issued by firms with ratings of CCC+ or below are generally no longer
widely held by institutional investors such as collateralized loan obligations (CLOs), the
primary investors in the leveraged loan market.!> After identifying the initial starting
month of a firm’s distress period, we trace the firm’s CDS spreads and credit ratings until
the end of 2017. We use three criteria to identify the end of a firm'’s distress period: (1)
the five-year CDS price falls below 500 bps, (2) the S&P credit rating rises to B- or higher,
or (3) the firm defaults or files for bankruptcy, whichever occurs first. To determine
bankruptcy status, we collect data on both Chapter 11 and Chapter 7 filings for all U.S.
public firms from 2001 to 2019 from New Generation Research’s Bankruptcydata.com.

Consolidating the distress periods identified using CDS spreads and ratings, remov-
ing duplicated time periods, and combining two consecutive periods that have an in-
between time gap of less than a year, and removing distressed periods that are shorter
than 6 months to avoid capturing transitory periods, we have 637 distressed periods of
520 firms from 2001-2017. We merge the distressed periods with the Dealscan database
using the link file by Chava and Roberts (2008) to identify loan facilities that have a start
date falling into the distress period. After removing facilities that have missing informa-
tion on lender identities or loan spreads and annual fee, and loans that are unsecured
or subordinated, we have a final sample of 520 loan facilities in 185 distressed periods.
We record CDS prices at the end of the month immediately preceding the loan issuance
date. We also collect Treasury Constant Maturity Rate of different maturities from the
Federal Reserve at St. Louis and 3-month LIBOR rate from Bloomberg.

Similar to the classification of DIP loans, we categorize highly speculative loans into
three types based on the identity of their major lenders, and exclude facilities that cannot
be classified into any of these categories. We obtain firms’ key financial information
immediately before loan issuance from Compustat. Panel A of Table 2 presents the
summary statistics of the highly speculative loan sample.

Distressed borrowers accessing this loan market are large, with mean book assets and
liabilities approximately twice those of DIP-loan borrowers. These firms exhibit signif-
icant financial distress, with mean leverage ratios, ROA, and cash balances comparable
to those of bankrupt firms. The average loan maturity is approximately four years, and
these loan facilities represent 13.5% of book assets, on average. Among the 435 loan fa-
cilities, type-2 loans are the dominant category, accounting for 76.3% of highly specula-
tive loans, while type-1 and type-3 loans account for 11.5% and 12.2%, respectively.

15This is primarily due to limits on the share of CCC-rated loans that can be included in the underlying
collateral pool of CLOs (typically 7.5%). If any, CLOs are net sellers of CCC-rated loans.
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Table 2: Summary Statistics

N Mean Std 25% Median 75%
Panel A: DIP Loans
Assets 436 3,667 10,612 444 807 2,278
Liabilities 436 3,528 8,402 463 891 2,343
Leverage 413 1.096 0.493 0.834 0.999 1.236
EBITDA /assets 412 0.040 0.183 -0.001 0.059 0.104
PP&E/assets 414 0.410 0.258 0.193 0.385 0.621
Cash/assets 414 0.051 0.065 0.012 0.029 0.071
Loan maturity 436  10.587 6.273 6.000 9.000 12.000
Loan amount (L) 436  194.821 446.744  35.000 75.000  186.900
L/A 436 0.107 0.106 0.034 0.076 0.136
Risk-adjusted spread 436 711437 377.551 413233  651.806  950.733
Number of lenders 436 2.287 1.926 1 2 3
Loan type 1 436 0.128 0.335 0 0 0
Loan type 2 436 0.766 0.424 1 1 1
Loan type 3 436 0.106 0.308 0 0 0
Loan type 1 (# of lenders) 56 1 0 1 1 1
Loan type 2 (# of lenders) 334 2.557 2.083 1 2 3
Loan type 3 (# of lenders) 46 1.891 0.994 1 2 3
Number of specialized lenders 436 1.330 1.036 1 1 2
Panel B: Highly Speculative Loans
Assets 435 7,731 11,700 535 2,533 10,292
Liabilities 435 7,739 13,181 544 2,473 9,951
Leverage 435 1.050 0.449 0.793 0.949 1.169
EBITDA /assets 435 0.066 0.133 0.037 0.074 0.114
PP&E/assets 435 0.380 0.227 0.172 0.355 0.536
Cash/assets 435 0.060 0.066 0.011 0.035 0.090
Loan maturity 435  48.611 20.838 35.000 48.000 60.000
Loan amount (L) 435 419.645 618.886  65.000  200.000  500.000
L/A 435 0.135 0.173 0.032 0.082 0.180
Risk-adjusted spread 435 307.679 203.993 163.692 262423  408.355
Number of lenders 435 3.775 2.860 2 3 5
Loan type 1 435 0.115 0.319 0 0 0
Loan type 2 435 0.763 0.426 1 1 1
Loan type 3 435 0.122 0.327 0 0 0
Loan type 1 (# of lenders) 50 1 0 1 1 1
Loan type 2 (# of lenders) 332 4.277 2.711 2 4 5
Loan type 3 (# of lenders) 53 3.245 3.491 2 2 2
Number of specialized lenders 435 2.333 1.669 1 2 3

Note: This table presents the summary statistics of our sample firms. Our sample consists of 436
DIP loans (in Panel A) and 435 highly speculative loans (in Panel B) to U.S. public firms between
2001 and 2019. All financial variables are taken from the last fiscal year reported immediately
prior to loan initiation, retrieved from Compustat. Assets and Liabilities are book assets and book
liabilities, measured in millions of dollars, respectively. Leverage is the ratio of book liabilities to
book assets. EBITDA /assets is EBITDA scaled by book assets. PP&E/assets is the ratio of net
property, plant and equipment to book assets. Cash/assets is the ratio of cash and short-term
securities to book assets. Loan maturity is the maturity in months. Loan amount (L) is in millions
of dollars. L/A is the ratio of DIP amount to book assets. Risk-adjusted spread is the credit risk
and liquidity risk adjusted loan spreads in basis points. Number of lenders is the number of unique
institutions in a syndicate. Loan type 1, Loan type 2 and Loan type 3 are indicator variables for
loans provided by an existing lender, specialist lenders, and lenders of last resort, respectively.
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5.3 Measuring Risk-Adjusted Loan Yield Spreads

This section describes our measure of risk-adjusted loan yield spreads. Additional tech-
nical details are provided in Online Appendix OA.1 and OA.2

As discussed in Section 2.1, we measure the total cost to the borrower (TCB), in basis
points, as the sum of the interest rate spread over LIBOR on the utilized portion of
the facility, upfront fees, annual fees, and state-contingent default interest. We exclude
commitment fees because they depend on ex post drawdown amounts, and distressed
borrowers tend to use the full commitment amount in their secured credit lines (Nini
and Smith, 2013). We also exclude other fees, such as utilization, cancellation, term-
out, extension, and collateral monitoring fees, because they are not commonly used in
syndicated loans (e.g., Berg et al., 2016).

Because the total cost to the borrower incorporates both credit and liquidity risk
components, we first carefully quantify these risk premiums and net them out before
estimating our model.

We estimate the credit risk component of yield spreads separately for DIP loans and
highly speculative loans in our sample. For DIP loans, we assign a credit risk component
of 20 basis points. DIP loans are typically short-term facilities with maturities below
one year and are secured by first-priority, first-lien claims, making their effective credit
risk close to risk-free in practice and no higher than that of high-grade short-term debt
(Eckbo et al., 2023).

For highly speculative loans, we follow the parity relation between CDS spreads and
bond credit spreads derived by Duffie (1999) to infer the implied risk-neutral default
probability. CDS spreads provide a market-based measure of compensation for bearing
default risk, which we combine with recovery-rate estimates for the underlying unse-
cured bonds to back out the firm’s risk-neutral default probability. Importantly, we es-
timate recovery rates in a granular manner, allowing them to vary across industries and
over time. This more granular approach contrasts with prior studies that impose con-
stant recovery rates (e.g., Longstaff et al., 2005) or draw recovery rates randomly from
empirical distributions (e.g., Schwert, 2020).

Specifically, for each distressed borrower in our sample, we identify its industry and
loan issuance year, and assign the face-value-weighted average recovery rate of unse-
cured bonds in the same industry-year cell. Recovery data for unsecured bonds come
from the NYU-Salomon Center Default Database.'® We then combine the implied risk-
neutral default probability with historical loan recovery rates from Badoer et al. (2019)
to estimate the credit-risk component of loan spreads. These loan recovery rates are ul-

16The average recovery rate for U.S. unsecured bonds in the NYU-Salomon sample from 2000 to 2019 is
34.39%, consistent with Elton et al. (2001) and Dou et al. (2021a).
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timate nominal recoveries from Moody’s Default and Recovery Database, aggregated by
Fama-French 12 industry. For each borrower, we assign a loan recovery rate based on its
industry, adjusted for year and loan-type effects, namely revolving credit facilities ver-
sus term loans. Our estimates are robust to using the 25th percentile of the loan recov-
ery rate distribution, which provides a conservative recovery-rate assumption and there-
fore overstates the credit-risk component. Using these inputs, we estimate the credit-risk
component of each highly speculative loan in our sample. The average estimated credit-
risk component is approximately 160 basis points.

We next estimate the liquidity risk component of yield spreads for DIP loans and
highly speculative loans. To do so, we use bid and ask prices observed in the sec-
ondary market, obtained from the Loan Trading Database provided by LPC, commonly
referred to as the “LSTA /LPS Mark-to-Market Pricing Data.” This dataset is widely used
in the leveraged loan literature and provides secondary-market price quotes for syndi-
cated loans (e.g., Wittenberg-Moerman, 2008; Bushman et al., 2010; Beyhaghi and Ehsani,
2017).17 Using borrower- and facility-level identifiers, we match these quotes to LSEG’s
LPC Dealscan database and Compustat to obtain additional loan and borrower charac-
teristics. We exclude loans that are neither denominated in U.S. dollars nor issued within
the U.S. Our focus narrows to only include “on-the-run” loan trades, which we define
as trades occurring within two years following the loan’s issuance.

Using bid and ask prices for revolving credit and term loans at the time of trading,
we convert the bid-ask price spread into bid-ask yield spread based on the relation
between loan price and yield to maturity, taking into account loan maturity, payment
frequency, and any principal amortization (see Section OA.2 in Online Appendix for
technical details). This procedure yields a time series of bid-ask yield spreads for each
loan.

To estimate the liquidity component of DIP loans, we keep loans with yield spread
lower than 150 bps (i.e., those loans that are investment-grade). We calculate the average
liquidity premium across the entire sample, which amounts to 12.6 bps. Our analysis
does not extend to calculating the liquidity premium for different industries, years, or

loan types due to the negligible variation observed across these categories.'®

7The database includes loan bid and ask price quotes reported to LPC by trading desks at institutions
that make a market in loans. Prices are quoted as a percentage of par value. The database also provides
information on borrower name, facility identifier, facility size, maturity date, and quote date, and covers
more than 20 million observations from 1998 to 2019.

18Several factors contribute to this limited variation. First, DIP loans are short-term, typically with ma-
turities of less than one year and are secured by first- or second-lien claims, and thus are not typically as-
sociated with significant liquidity concerns for investors. Second, existing evidence suggests that liquid-
ity premia are modest even for relatively liquid debt instruments. For example, Chen et al. (2007) show
that, for short-term bonds with maturities of one to seven years and ratings of AA— or higher, the liquid-
ity premium accounts for only about 15% of the yield spread. Taken together, these considerations imply
that the liquidity premium for DIP loans, already small relative to the credit risk component at 20 basis
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For highly speculative loans, we use a three-step procedure. First, we restrict the
loan-trading sample to loans with yield spreads above 150 basis points and compute the
average bid-ask yield spread within each Fama-French 12 industry-year cell, separately
for term loans and revolving credit facilities. This gives us an industry-year measure
of the secondary-market liquidity premium for each loan type. We then assign to each
highly speculative loan the corresponding liquidity premium based on its industry, is-
suance year, and loan type. We refer to this component as the liquidity-risk premium
from the leveraged loan secondary market.

Second, we merge the LSTA/LPS Mark-to-Market Pricing Data with our sample of
Chapter 11 filings from 2002-2019 and identify loan facilities that traded within 30 days
after the filing date. We obtain bid-ask yield spreads for fewer than 300 unique loan
facilities. The distribution of bid-ask yield spreads in this sample is highly skewed, with
a mean of 26 basis points and the 75th and 90th percentiles at 108 and 255 basis points,
respectively.!” To avoid underestimating the liquidity premium of highly speculative
loans, we use the 90th percentile, 255 basis points, as our measure of the liquidity-risk
premium immediately after a leveraged loan enters bankruptcy.?”

Finally, we estimate the ex-ante liquidity premium, allowing for wider bid-ask spreads
in bankruptcy. We compute a weighted average of the liquidity premia for leveraged
loans and post-bankruptcy loans, with weights based on the risk-neutral default proba-
bility of highly speculative loans derived from CDS prices, as described above. For ex-
ample, consider a loan with an industry-year-loan type-matched liquidity premium of
20 basis points from the leveraged loan market and a risk-neutral default probability of
15%. The overall liquidity premium is then 55 basis points, calculated as 0.85 x 20 bps +
0.15 x 255 bps.

Table 2 shows that after deducting the credit risk and liquidity risk components from
the total cost to borrowers, the average risk-adjusted spread is 711 and 308 basis points

tor DIP loans and highly speculative loans, respectively.

6 Estimation

In this section, we bring the structural model to the data by estimating the key model
parameters and jointly classifying loan deals into the latent demand curves to which
they belong. We conduct the estimation separately for the DIP loan market and the

points, should exhibit little variation across industries, years, and loan types.

YFor robustness checks, we also consider trading prices of loan facilities within 60 or 90 days after the
Chapter 11 filing date and find that the distribution of bid-ask yield spreads is nearly identical to that
based on trades within 30 days of filing.

2Loans traded after a Chapter 11 filing are substantially less liquid than DIP loans because DIP loans
are newly issued (or on-the-run) and short term in nature.
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highly speculative loan market, allowing the two markets to differ freely in their param-
eter values and empirical features. We impose no restriction on how similar or different
these two distressed loan markets must be. Instead, through the lens of the same uni-
tied model framework, we let the data reveal the competitive structure of each market
and the extent of potential collusion. Within each market, the key inputs into the esti-
mator are the lender type [;, the number of specialized lenders m;, borrower size A;, the
loan amount normalized by borrower assets, In(L;/ A;), and the risk-adjusted loan yield
spread, In(R;). In addition, each deal is associated with an unobserved demand-curve
state k; € {1,...,K}, which is treated as a latent variable in the estimation.

We estimate the model using a Bayesian MCMC procedure. The procedure treats la-
tent demand heterogeneity as unobserved and jointly samples it with the structural pa-
rameters from their posterior distribution, which is determined by the likelihood func-
tion and prior distributions. It iterates between two steps. First, given the structural pa-
rameters, it updates and samples the posterior classification of each loan across latent
demand curves. Second, given these demand-curve classifications, it updates and sam-
ples the posterior distribution of the structural parameters. Repeating these steps gen-
erates draws from the joint posterior distribution of the structural parameters and latent
demand-curve classifications. Online Appendix OA.4 provides the prior specifications,
likelihood functions, and details of the Bayesian MCMC procedure. We next discuss the
identification mechanism that links the model parameters to observable data patterns.

6.1 Identification of Parameters

To clarify the identification logic, we discuss below which salient features of the data
are most informative about the key mechanisms of the model and hence most useful
for identifying the parameters. We then present the estimation results and empirical
findings for the two distressed loan markets.

We begin with the demand-side parameters, namely the intercepts and slopes of the
latent demand curves. A central identification challenge is that loans may come from
different demand curves, but the data do not directly reveal which demand curve ap-
plies to each loan. This is a familiar problem in empirical IO, where observed prices and
quantities may be generated by heterogeneous but unobserved demand curves. In our
setting, we address this challenge with a full-likelihood approach that treats latent de-
mand heterogeneity as unobserved and jointly samples it with the structural parameters
from their posterior distribution.

Specifically, in each iteration of the Bayesian MCMC algorithm, the model assigns
each loan to one of the latent demand curves based on the current parameter values

and the full set of loan-level observables. These observables include not only price and

31



quantity, measured by In(R;) and In(L;/ A;), but also lender type /;, the number of spe-
cialized lenders m;, and borrower size A;. Through the model’s equilibrium conditions,
these variables are informative about the underlying demand and supply conditions.

Thus, classification is not based on price-quantity pairs alone. Each loan is assigned
to a demand curve with probability proportional to its full likelihood under that demand
curve.?! Conditional on these likelihood-based classifications, the joint variation in loan
pricing and relative loan size within each latent group identifies the intercept and slope
of the corresponding demand curve. The intercept identifies a;, and the slope identifies
&, fork=1,..., K

We next turn to ¢, which captures the intensity of collusion among specialized lenders
and is central to our estimation. Our model nests the non-collusive benchmark when ¢ =
0 and approaches cartel-like benchmark when ¢ = 1.> The collusion intensity governs
how loan prices, measured by the risk-adjusted spread In(R;), vary with the number of
participating lenders in a loan syndication. Classical IO theory predicts that a high value
of ¢ pushes the market toward cartel-like behavior. In the extreme, the syndicate behaves
like a single monopolistic lender regardless of how many lenders participate, so the loan
price changes little with m. By contrast, as { approaches zero, collusion weakens and
lenders within a syndicate compete more aggressively with one another, causing loan
prices to decline more sharply as the number of lenders increases. Therefore, the way
loan prices vary with syndicate size is the most informative “moment” for identifying
the collusion intensity ¢: when ¢ is high, loan prices are less sensitive to m, while when
¢ is low, loan prices are highly sensitive to m.

To illustrate the identification argument above, we group loans by the number of par-
ticipating lenders, for example m = 1,2,3,..., and compute within each group both the
average observed loan price in the data and the average model-implied loan price. Fig-
ure 4 presents the results, with the DIP loan market shown in the left panel and the
highly speculative loan market shown in the right panel. The average loan price in the
data is shown in bars, echoing the motivating evidence of possible collusion presented
in Section 2.2, and we display three model-implied loan prices: the gray dash line with
square markers represents the cartel; the gray dash line with triangle markers represents
the non-collusive equilibrium; and the black solid line with circle markers represents ¢
set to its estimated value, with the 95% confidence interval around the point estimates.

HIntuitively, given the parameter values from the previous iteration, the algorithm evaluates the prob-
ability that a loan belongs to each demand curve using the model-implied likelihood of all observables,
and then samples a demand-curve assignment from this distribution.

22z = 1 implies that participating lenders impose the most stringent punishment on deviation, which
facilitates collusion. This extreme case, however, does not guarantee a cartel outcome, because when
the one-period payoff from deviation is sufficiently large, lenders may still deviate from cartel behavior,
causing total lending quantity and price to differ from the monopoly outcome that a cartel would achieve.
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Note: This figure illustrates the empirical patterns that help identify the parameter ¢ governing collusion intensity. The left panel
shows the DIP loan sample and the right panel shows the highly speculative loan sample. In both markets, we group together loans
by the number of specialized lenders, m =1,2,3, ..., and compute the average loan price (risk-adjusted spreads) within each group.
The empirical values measured in the data are depicted by gray bars. We compare these moments with the model-implied loan
prices under three scenarios: cartel equilibrium (gray dashed line with square markers), non-collusive equilibrium (gray dashed
line with triangle markers), and ¢ set to its estimated value (black solid line with circle markers), together with the 95% confidence
interval around the point estimates.

Figure 4: Identification of collusion intensity ¢

As the figure shows, in a cartel equilibrium, loan prices would remain constant as the
number of lenders m increases, reflecting perfect collusion behavior. In a non-collusive
equilibrium, loan prices would decline sharply with m because of stronger competition
among lenders. The data instead indicate that only an intermediate value of ¢, as recov-
ered by our estimation, can match the empirical pattern.

Importantly, unlike moment-based approaches, the Bayesian MCMC procedure does
not explicitly target this pattern as a moment. Hence, the close fit is not mechanically
imposed by the estimation. The fact that the estimated model nevertheless matches this
prominent empirical pattern provides validation that the model captures the underlying
mechanism both qualitatively and quantitatively.

The remaining parameters are identified from additional features of the data. The
parameter p governs the average participation cost that specialized lenders incur when
joining a syndicate, capturing one dimension of existing creditors” blocking power. Intu-
itively, when y is low, more specialized lenders find it profitable to participate, so syndi-
cates tend to include more specialized lenders. Conversely, when y is high, participation
becomes less attractive, and syndicate size declines. Thus, the average syndicate size
among loans funded by specialized lenders is the key empirical feature that identifies u.
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The parameter A is identified by the fraction of loans financed by existing creditors
within each latent demand curve. In the model, Ay is the probability that the existing
creditor has the exclusive right to provide financing and can therefore prevent the firm
from borrowing from outside lenders, capturing another dimension of existing creditors’
blocking power. A higher A; implies that loans assigned to demand curve k are more
likely to be financed by the existing creditor. Thus, the prevalence of existing-creditor
financing in the data identifies Ay for each demand curve.

Finally, the parameters ¢; capture differences in variable loan-making costs across
lender types: existing creditors (I = 1), specialized lenders (I = 2), and lenders of last
resort (I = 3). These cost parameters are identified from the portion of risk-adjusted
spreads that remains after accounting for borrower demand elasticity, lender concentra-
tion, and strategic supply behavior. Thus, conditional on demand-curve type and the
number of participating lenders, systematic differences in risk-adjusted spreads across
lender types identify ¢;.

6.2 Estimation Results

We first present the posterior classification of loans across latent demand curves. For
each loan i, the Bayesian MCMC procedure produces, at iteration g, a vector of posterior
assignment probabilities zgg ) = (zl(f), ceey zglgg), where zf]f) denotes the conditional poste-
rior probability that loan i belongs to demand curve k, given the current draws of the
structural parameters and the observed data. For descriptive purposes, in each iteration

g, we classify loan i into the demand curve with the highest posterior assignment prob-
(8)

ability in z,°’. Based on the classification results, Figure 5 depicts the demand curves for
the DIP loan sample (left panel) and the highly speculative loan sample (right panel).
Each point in the figure represents an observation of a loan, and the size of the points
indicates the borrower’s size A;. Points of the same color belong to the same estimated
demand curve, and the straight lines show the estimated demand curves.

Two points are worth noting. First, each point in the figure represents the realized
log loan amount and log yield spread, whereas the demand curves represent the ex-
pected relationship between these two variables. The distance between a point and its
assigned demand curve reflects the ex post realizations of demand and supply shocks,
x = (z,u). Second, as discussed above, classification is based on the full likelihood of the
model equilibrium. It therefore differs from a simple classification based only on the ob-
served log relative loan amount, In(L/A), and log yield spread, In(R). These two forces
explain why some points in the figure are not assigned to the nearest demand curve.
For example, some points located near the lowest demand curve are instead assigned to

the middle demand curve. Beyond realized demand and supply shocks, some of these

34



loans have a large m, which is informative about a higher expected loan demand at a
given yield spread in equilibrium.? Although m is not plotted in the figure, it shifts the
likelihood-based classification of these points toward the middle demand curve, which
has higher expected demand than the bottom curve. Their distance from the middle de-
mand curve reflects a negative realization of z, which lowers the realized loan quantity.

To illustrate the importance of accounting for latent demand heterogeneity through
Bayesian MCMC classification, we also estimate a pooled OLS regression that imposes
a single common demand curve on all observations. The dotted line in Figure 5 shows
the fitted line from this single-demand-curve OLS regression. The OLS slope is econom-
ically small and statistically indistinguishable from zero, in sharp contrast to our base-
line estimates, where loan assignments to heterogeneous demand curves and demand-
curve coefficients are jointly estimated. In both loan markets, borrowers assigned to the
bottom demand curve have a lower intercept of loan size. They also exhibit a higher
price elasticity of loan demand in the DIP market and a similar elasticity in the highly
speculative loan market, relative to borrowers assigned to the middle and top demand
curves. This indicates that bottom-curve borrowers have lower loan demand relative to
size and, in the DIP market, are more sensitive to loan prices. Empirically, these borrow-
ers are, on average, larger and have higher total revenues, suggesting stronger bargain-
ing power, which helps explain the differences in their estimated demand curves.

In addition to estimating the latent demand curves, the Bayesian MCMC procedure
produces draws from the joint posterior distribution of the structural parameters. These
posterior draws summarize both parameter uncertainty and the uncertainty associated
with the latent classification of loans across demand curves. Table 3 reports posterior
point estimates and posterior standard deviations for each parameter, separately for the
DIP loan and highly speculative loan samples. The point estimates summarize the center
of the posterior distribution, while the posterior standard deviations measure estimation
uncertainty based on the dispersion of the MCMC draws (i.e., standard errors of the
parameters).

The punishment probability upon deviation, ¢, is estimated to be 0.492 for DIP loans.
This implies that if a specialized lender deviates from the perceived collusive equilib-
rium, the syndication among specialized lenders transitions to the non-collusive equilib-
rium with approximately 50% probability. This parameter governs the capacity of tacit
collusion in the model, and an estimate of 0.492 indicates a substantial degree of implicit
coordination among specialized lenders. The estimated punishment probability is quan-
titatively similar for highly speculative loans, with ¢ estimated at 0.527. Importantly, ¢ is

ZSpecialized lenders make participation decisions based on the demand curve they observe. A higher
level of demand raises expected lending profits and induces more specialized lenders to join the syndicate.
Thus, a larger m is associated with higher expected demand.

35



A. DIP loans B. Highly speculative loans

In(L/A)
In(L/A)

-------------- Pooled fit °
8l Demand curve 1 ~ NC || e Pooled fit

- = =Demand curve 2 -8t Demand curve 1

----- Demand curve 3 - = =Demand curve 2
----- Demand curve 3

-10 L L L -10 L L L L L L
-5 -4 -3 -2 -1 -8 -7 -6 -5 -4 -3 -2 -1
In(R) In(R)

Note: This figure shows the estimated demand curves and the classification of borrowers to these demand curves. Each point in the
figure represents an observation in our sample, with points of the same color classified to the same demand curve. The straight lines
are the estimated demand curves. The intercept and slope of the demand curves represent the constant term and the elasticity of
the demand. We choose the optimal number of demand curves to estimate following the Lo-Mendell-Rubin tests, and our estimates
suggest that there are three statistically distinct demand curves in both markets. The dotted line depicts the line of best-fit from an
OLS regression that pool together all observations on only one hypothetical demand curve. The left panel depicts the classification
in the DIP loan market and the right panel depicts the classification in the highly speculative loan market.

Figure 5: Demand Curves by Clusters

estimated with small standard errors in both samples, suggesting that the data strongly
reject the no-collusion benchmark, ¢ = 0. As discussed in Figure 4, ¢ is identified in part
by how loan prices vary with syndicate size. Intuitively, a higher collusion capacity im-
plies that loan prices decline only moderately as the number of specialized lenders, m,
increases, which matches a prominent pattern in the data.

The estimates of ¢ and ¢ indicate that unobserved heterogeneity, captured by borrower-
and lender-side shocks x = (z,u), is important for generating cross-sectional variation in
loan size and spreads. A simple variance decomposition shows that the estimated model
mechanism is able to explain 57% of the variation in In(L/A) and 60% of the variation
in In(R) in the DIP loan sample, while the unobserved heterogeneity explains the rest of
it. The corresponding shares are 40% and 32% for the highly speculative loan sample.

It is also worth noting that the lenders’ participation cost, y, is estimated to be
higher in the DIP market. A key determinant of this cost is the blocking power of exist-
ing lenders. If an existing lender can strongly restrict the borrower’s access to outside
lenders, even when it does not provide the loan itself, this blocking power appears in

36



Table 3: Parameter estimates.

DIP loans Highly speculative loans

General parameters

4 o G u ¢ o 4 Iz
0.492 0.664 0.430 34.81 0.527 1.021 0.532 27.95
(0.094)  (0.046) (0.020) (4.67) 0.031)  (0.035) (0.016) (2.48)

Lender-specific parameters

Existing  Specialized [ agt-resort Existing  Specialized [ agt-resort

creditor lender lender creditor lender lender
et 0.0149 0.0158 0.0197 et 0.0008 0.0007 0.0009

(0.0035) (0.0036) (0.0045) (0.0002) (0.0001) (0.0002)

Borrower-specific parameters

Demand Demand Demand Demand Demand Demand

curve 1 curve 2 curve 3 curve 1 curve 2 curve 3

ag -11.031 -8.041 -5.505 o -9.694 -7.386 -5.465
(1.516) (0.530) (0.129) (0.472) (0.112) (0.101)

€k 1.947 1.588 1.253 £ 1.195 1.032 1.024
(0.287) (0.108) (0.040) (0.076) (0.008) (0.006)

Ak 0.036 0.150 0.119 Ak 0.124 0.049 0.157
(0.041) (0.164) (0.043) (0.062) (0.019) (0.024)

Yk 2.759 3.221 Yk 0.607 1.633
(1.502) (1.114) (0.577) (0.209)

B -1.011 -1.510 Bk 0.893 -0.403
(0.508) (0.298) (0.330) (0.171)

Note: This table reports the estimated model parameters together with the standard errors obtained from
MCMC. The top panel shows the general model parameters, including the likelihood of punishing devia-
tion ¢, the demand and supply shocks ¢ and g, and the average participation cost y#. The mid panel shows
the lender-specific parameter ¢?! that captures the lending costs for each type of lender, including existing
creditors, specialized lenders, and lenders of last resort. The bottom panel shows the borrower-specific pa-
rameters, including the demand-curve intercept ay, slope ¢, and the likelihood A that the existing lender
finances the loan, together with 7, and B, which govern how borrower size is related to latent demand-
curve assignment.

the model as a higher participation cost borne by specialized lenders. In other words,
stronger blocking power makes it more difficult for specialized lenders to enter the syn-
dicate.

The middle panel of Table 3 reports lender-specific variable costs, which capture non-
risk costs associated with lending to distressed firms. These variable loan-making costs
measure the lender’s marginal cost of supplying distressed credit, excluding funding
costs and compensation for default, liquidity, or other priced risks. They include costs
related to due diligence, screening, monitoring, information production, legal and re-
structuring work, and active participation in the bankruptcy or workout process.

For DIP loans, these variable costs are particularly high. DIP lenders must closely
monitor the borrower’s operations, assess cash collateral and collateral values, negoti-
ate with creditors, interact with the bankruptcy court, evaluate priority claims, and par-
ticipate in restructuring decisions. These activities make DIP lending operationally and
legally more complex than highly speculative lending. Consistent with this intuition,
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we estimate variable costs of about 150 to 200 basis points in the DIP loan market, com-
pared with only about 10 basis points in the highly speculative loan market.

Within DIP loans, estimated variable costs are approximately 150-160 bps for exist-
ing creditors and specialized lenders, but about 200 bps for lenders of last resort, most
of which are hedge funds and private equity firms. This gap reflects well-understood in-
stitutional features of DIP lending. Existing creditors enter negotiations with borrower-
specific information from their pre-petition relationship, while specialized lenders bene-
fit from established underwriting procedures, legal expertise, and syndication networks
built through repeated participation in distressed lending. Both advantages lower the
marginal cost of evaluating, originating, and monitoring a DIP facility. Lenders of last
resort, by contrast, enter primarily when other financing is unavailable; most appear
only once or twice in our sample, indicating they are not regular DIP originators. They
therefore incur higher costs to acquire borrower information, value collateral, and nav-
igate the complex covenant and priority negotiations that Chapter 11 demands. The
cost premium is further amplified by hedge funds” and private equity firms’ active post-
financing involvement, including board representation, managerial influence, and loan-
to-own strategies (Jiang et al., 2012; Li and Wang, 2016; Ayotte and Elias, 2020), which
requires resources well beyond the mechanical provision of credit.

The bottom panel of Table 3 reports the parameters governing the latent demand
curves: the log demand level, a,, and the price elasticity of demand, ¢,. Within each
market, these estimates correspond to the demand curves shown in Figure 5. Across
the two markets, DIP borrowers and highly speculative loan borrowers exhibit similarly
low demand elasticities. Thus, the much higher spreads on DIP loans, relative to highly
speculative loans, cannot be explained by demand elasticity alone. In both markets,
borrower size appears an important determinant of demand-curve classification. Larger
borrowers tend to have higher demand elasticities and borrow less relative to their size.

Although our Bayesian MCMC estimation is likelihood-based and does not explicitly
target particular moments for point estimation, Table 4 shows that the estimated model
matches key features of the data well. For DIP loans, the model predicts an average risk-
adjusted spread of 702 bps, compared with 711 bps in the data. In both the model and
the data, risk-adjusted spreads exhibit substantial variation of about 400 bps, indicating
that the model captures the rich heterogeneity observed in the cross section. The average
loan size is 0.110 in the model and 0.107 in the data, suggesting that DIP borrowers
on average take up DIP loans about 11% of their pre-default book assets. The average
number of lenders is 1.3 in the model and in the data, implying that syndication size is
small in DIP loans. Breaking down the DIP loan sample by lender type, we find that
11.3% (12.8%) of these loans are made by existing lenders in the model (data), 71.7%
(76.6%) by specialized lenders, and 17.1% (10.6%) by lenders of last resort. Among the
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Table 4: Model Fits

Variable DIP Loans Highly Speculative Loans
Model Data S.E. Model Data S.E.
Full Sample
Avg. risk adjusted spreads in bps (E[R]) 702 711 18 306 308 10
Stdev. risk adjusted spreads in bps (Std(R)) 426 378 13 227 204 7
Avg. loan size relative to asset (E[L/ A]) 0.110 0.107 0.005 0.201 0.135 0.008
Stdev. loan size relative to asset (Std(L/A))  0.132 0.106 0.004 0.427 0.173 0.006
Avg. number of lenders (E[m]) 1.300 1.330 0.050 2.128 2.333 0.080
Stdev. number of lenders (Std(m)) 1.118 1.036 0.035 1.435 1.669 0.057
Existing Lenders (Type 1)
Fraction of loans 0.113 0.128 0.016 0.111 0.115 0.015
Avg. risk adjusted spreads in bps (E[R]) 618 717 42 365 354 40
Avg. loan size relative to asset (E[L/ A]) 0.124 0.084 0.008 0.213 0.124 0.019
Specialized Lenders (Type 2)
Fraction of loans 0.717 0.766 0.020 0.835 0.763 0.020
Avg. risk adjusted spreads in bps (E[R]) 680 681 21 296 283 10
Avg. loan size relative to asset (E[L/A]) 0.114 0.114 0.006 0.203 0.132 0.010
Lenders of Last Resort (Type 3)
Fraction of loans 0.171 0.106 0.015 0.054 0.122 0.016
Avg. risk adjusted spreads in bps (E[R]) 852 925 52 351 421 28
Avg. loan size relative to asset (E[L/A]) 0.081 0.085 0.010 0.151 0.165 0.018

Note: This table shows the overall model fit. We report the model-implied moments, the data
moments, and the standard errors of the data moments in corresponding columns. We report the
average and standard deviation of the risk-adjusted loan spreads, loan size, and the number of
participating lenders for the full sample. We also report the fraction of loans obtained from the
existing lenders (type 1), specialized lenders (type 2), and lenders of last resort (type 3), as well as
the average risk-adjusted spreads and size of these loans.

three lender types, lenders of last resort, such as hedge funds and private equity firms,
charge the highest risk-adjusted spreads.

Our model fits the highly speculative loan sample similarly well, while also captur-
ing the key differences between the two markets. Compared with DIP loans, highly
speculative loans feature markedly lower risk-adjusted spreads (306 bps in the model
vs. 308 bps in the data), larger loan sizes (0.201 in the model vs. 0.135 in the data), and
a higher average number of lenders (2.1 in the model vs. 2.3 in the data), all of which
the model reproduces closely. The distribution of lender types is broadly similar: 11.1%
(11.5%) of loans are made by existing lenders in the model (data), 83.5% (76.3%) by spe-
cialized lenders, and 5.4% (12.2%) by lenders of last resort, with the existing lenders and
the lenders of last resort charging the highest risk-adjusted spreads.

7 Decomposing Loan Yield Spreads

Using the estimated model as a laboratory, we quantify the lenders” market power in the
two distressed loan markets, and decompose their market power arising from three com-

ponents: (i) the potential collusion among specialized lenders, (ii) the existing lenders’
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blocking power, and (iii) the concentration of distressed loan market. Figure 6 summa-
rizes our findings for the DIP loan market and the highly speculative loan market.

Starting from the baseline model with the estimated parameters, we first quantify the
effect of lender collusion. To do so, we set the key parameter ¢ to zero. In this coun-
terfactual model, all specialized lenders deviate from collusion because no punishment
is imposed, and as a result, a non-collusive equilibrium emerges. We keep other model
parameters at their estimated values so that the non-collusive equilibrium still features
the blocking power by existing lenders and an oligopolistic market structure. We exam-
ine how lender collusion affects the average risk-adjusted yield spread by comparing the
output from the baseline model and this counterfactual. We find that the average risk-
adjusted yield spread for specialized lenders declines by 136 bps (from 702 bps to 566
bps) for DIP loans as lender collusion is eliminated, representing a 19.4% decline. For
highly speculative loans, the decline is 144 bps (from 306 bps in the baseline model to
162 bps in the non-collusive counterfactual), representing a 47% reduction in spreads.

Next, we examine the effect of existing lenders’ blocking power. In our model, exist-
ing lenders’ blocking power manifests through two channels: first, with a probability of
A, they are able to hold the borrower and act as the monopolistic lender to extract the
rent (i.e., type 1 loans); second, even if existing lenders allow borrowers to approach ex-
ternal lenders, they can restrict participation of these external lenders, reflected in the
participation cost parameter u. We construct a counterfactual benchmark that elimi-
nates existing lenders’ blocking power by setting Ay and p to zero. In this counterfac-
tual model, we keep ¢ = 0 to measure the incremental effect of removing blocking power
from the non-collusive model. The direct changes are that existing lenders now do not
lend to the borrower directly and all specialized lenders now participate in loan syndi-
cation and thus the number of lenders reaches the full capacity of 10.

Figure 6 shows that the loan spread decreases by another 380 bps for DIP loans
and 152 bps for highly speculative loans as a result of removing blocking power. The
evidence suggests that existing lenders” blocking power has a much more pronounced
effect in the DIP market than in highly speculative loan market. This is consistent with
earlier studies that document that new DIP lenders cannot prime “liens" of existing
lenders without their consent and thus “pre-petition” lenders possess a strong bargaining
position in deciding who can participate in a DIP loan syndicate (Skeel, 2004; Ayotte and
Morrison, 2009). Moreover, because borrowers tend to be selective in which lenders to
approach before bankruptcy filing, it can be costly for some lenders to learn about the
deal type (Eckbo et al., 2023). This is generally less of a case for highly speculative loans.

As the last step, we quantify the effect of market concentration. To turn an oligopolis-
tic market into a fully competitive market, we increases the total number of specialized
lenders from 10 to positive infinity. We build this counterfactual upon the non-collusive,
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zero blocking power model to capture the incremental effect. Figure 6 shows that the
average risk-adjusted yield spread drops by a negligible amount in both markets. In-
terestingly, this finding shows that the oligopolistic structure is not the main cause of
high risk-adjusted yield spread in either market, and the market would be competitive
enough if all of the 10 specialized lenders actively participate.

Moving from the baseline model to the non-collusive, zero blocking power, compet-
itive model, we find that the lenders” market power accounts for about 75% of the DIP

loan’s risk-adjusted yield spreads (i.e., 702762178) and 97% of highly speculative loan’s risk-

adjusted yield spreads (i.e., %). A further decomposition of the market power sug-

gests that lender collusion contributes to 26% of the market power for DIP loans (i.e.,

702-566) and 48% (i.e., 3%-182) of the market power for highly speculative loans, while
702—178 3069 P ghly sp

existing lender blocking power contributes to 73% of the market power (i.e., 355—159) for

162—-10
7 306—9

the concentrated market structure alone contributes to the remaining negligible fraction

DIP loans and 51% of the market power (i.e.

) for highly speculative loans. Finally,

of the market power to the two markets.

This figure reveals two main conclusions that are central to our paper. First, tacit col-
lusion among specialized lenders is prevalent in both markets, which allows the lender
group to extract sizeable rent from borrowers (around 140 bps). Second, the excess loan
spread in DIP market, compared with that in the highly speculative loan market, is
mainly explained by the existing lenders” strong power in blocking the borrowers from
reaching out to alternative lenders and the high variable costs in DIP market.

With the decomposition results, we now evaluate how lender market power affects
borrowers’ survival-critical liquidity. In the DIP loan market, our estimates suggest that
lender market power accounts for about 75% of risk-adjusted loan spreads. Equivalently,
bankrupt borrowers overpay 533 basis points per year on DIP loans because of lender
market power. Given an average facility-to-asset ratio of 11%, this excess spread implies
an additional cost of 0.006 of total assets for each loan facility. When we aggregate fa-
cilities taken by the same borrower within a bankruptcy event, the cost rises to 0.008
of total assets. Since the average EBITDA-to-asset ratio for these bankrupt firms is 0.04
in our sample, the markup charged by DIP lenders absorbs roughly 20% of borrowers’
survival-critical liquidity. The effect is similarly large for highly speculative loans. Dis-
tressed borrowers overpay about 300 basis points per year on these loans. Given an av-
erage facility-to-asset ratio of 13.5%, an EBITDA-to-asset ratio of 0.066, and the use of
multiple facilities during distress episodes, lender market power drains about 16% of
these borrowers’ survival-critical liquidity. Moreover, because highly speculative loans
have an average maturity of more than four years, this market-power-induced burden is
not merely transitory. It imposes a substantial and lasting drag on distressed borrowers,
slowing their recovery and weighing on their post-distress performance.
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Note: This figure compares different components of risk-adjusted yield spreads in the DIP loan market and the highly speculative loan
market. Collusion represents the component of risk-adjusted yield spreads that arises from the specialist lenders’ tacit coordination
in syndicated lending; Blocking power represents the component of risk-adjusted yield spreads that arises from exiting lenders
blocking external lenders and restricting syndication size. Market concentration represents the component of risk-adjusted yield
spreads due to the oligopolistic market structure with a few concentrated lenders; and variable costs represent the component of risk-
adjusted yield spreads used to compensate the lenders for their lending costs (not include funding costs) such as monitoring costs.

Figure 6: Spread Decomposition

Among the different components that contribute to lender market power, lender tacit
collusion often attracts most attention by regulators, and antitrust policies often target
at breaking down such coordination. In the final part of the analysis, we examine which
borrowers are more susceptible to lender market power by measuring the effect of lender
tacit collusion on borrowers of different size. Specifically, we partition the borrowers
into size quintiles and repeat our analyses of the baseline model and the non-collusive
model performed above. We compare small borrowers (bottom size quintile) with large
borrowers (top size quintile).

Table 5 reports the changes in the average risk-adjusted loan spread as we shut down
tacit collusion among lenders. When collusion is eliminated, we find that small borrow-
ers tend to benefit more. Specifically, DIP loan spread would drop 161 bps for small
borrowers, representing a 21% decline, and 75 bps for large borrowers, a 13.7% decline.
The highly speculative loan spread would drops by 166 bps for small borrowers and 121
bps for large borrowers. The evidence suggests that small borrowers in both markets are
more susceptible to lender market power and the effect of collusion on smaller borrow-
ers is much higher that for large borrowers. Our findings therefore imply that antitrust
policies that deter lender collusion may benefit small lenders more, and in economic or

tinancial crises, financial aids towards distressed companies should target at small firms.
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Table 5: Heterogeneous Effects of Lender Collusion

DIP Loans Highly-speculative Loans
Borrower size Level (bps) Pct. (%) Level (bps) Pct. (%)
(¥)) 2 (3) @ (5)
Avg. reduction in Small 161 20.7% 166 46.2%
risk-adj. spreads (R) Large 75 13.7% 121 46.1%

Note: This table examines the impact of lender tacit collusion on borrowers of different sizes. We report the change in level (in basis
points) and in percentage that result from eliminating lender collusion.

The implication is consistent with a recent policy proposal by legal scholars to encourage
the U.S. government to provide direct funding to small firms that filed for bankruptcy
during the COVID-19 pandemic.?

8 Policy Analysis

The market power of a small group of specialized lenders, potentially sustained by tacit
collusion through syndication, can lead to substantial mispricing and rent extraction.
Because such implicit coordination is inherently difficult to detect, ex post enforcement
is often of limited effectiveness. This creates a case for ex ante regulatory intervention,
particularly during bankruptcy waves when such distortions can have broader effects
on employment, investment, and aggregate economic activity. In practice, governments
in the U.S. and other economies have responded by deploying special purpose vehicles
(SPVs) to participate in syndicated lending to distressed or bankrupt firms and, in some
cases, by imposing caps on the total financing costs that banks may charge such bor-
rowers. For example, the Federal Reserve established the Main Street Lending Program
to support lending to small and medium-sized for-profit businesses that were in sound
tinancial condition prior to the onset of the COVID-19 pandemic. Relatedly, DeMarzo
et al. (2020) and Conti-Brown and Skeel (2020) argue that the Federal Reserve should
use its emergency authority to provide DIP lending facilities and discuss how such in-
terventions could be implemented in practice. Owing to space constraints, we focus in
the main text on the potential role of government lending facilities and defer the discus-
sion of interest rate caps to Online Appendix.

Specifically, we use the estimated model as a laboratory for counterfactual policy
analysis. After solving the model with government lending facilities,””> we examine how

these policies affect borrowing outcomes and borrower welfare. In particular, we focus

24Gee “Use of Chapter 11 and Federal Lending to Help Small Businesses," by Kathryn Judge and Jared A.
Ellias, July 27, 2020, Letter to the Office of Senator Sherrod Brown, as Ranking Member of the Committee
on Banking, Housing, and Urban Affairs.

P Details of the model solution are provided in Online Appendix OA.6.
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on two questions: (i) how government lending facilities affect the risk-adjusted yield
spreads that borrowers pay and the amount of credit they obtain, and (ii) which types of
borrowers are most affected by these policies. Because the qualitative policy implications
are similar across the two markets, we present the results for the DIP loan market in
the main text and defer the results for the highly speculative loan market to the Online
Appendix.

Formulation of Policies in the Model for DIP Loans. Suppose the government sets
up a SPV to participate in the loan syndicate for DIP borrowers. For each borrower, the
government joins the syndicate with probability 7.2° The parameter T therefore captures
the intensity of government intervention. The baseline model is nested as the special
case T = 0 within the extended model with government intervention. At the other
extreme, when T = 1, the government SPV participates in the loan syndicate for every
distressed borrower, in which case tacit collusion becomes unsustainable. Moreover,
unlike in the counterfactual case of zero tacit-collusion capacity ({ = 0), borrowers no
longer rely on last-resort lenders, such as hedge funds and private equity funds, because
the government SPV always participates in syndicated lending.

How Government Participation Affects Borrowing Costs and Credit Access? Govern-
ment intervention affects borrowing costs and credit access through both direct and indi-
rect channels. The direct effect captures how government participation changes the loan
spread and loan size, conditional on the government participating in the current syndi-
cation. The indirect effect captures how the possibility of future government participa-
tion alters the loan spread and loan size in the current syndication by changing special-
ized lenders” incentives for tacit collusion. Clearly, the direct effect does not depend on
T, whereas the indirect effect increases with the intervention intensity 7 € [0, 1].

Specifically, our analysis of the DIP loan market, reported in Table 6, shows that the
direct effect of government intervention reduces the average risk-adjusted yield spread
on syndicated loans by specialized lenders (i.e., type-2 loans) by approximately 249 basis
points for small borrowers and 129 basis points for large borrowers. At the same time,
it increases the average loan-to-asset ratio by about 0.19 for small borrowers and 0.091
for large borrowers. As a result, borrower welfare rises by 17.5% for small borrowers
and 12.6% for large borrowers, where these welfare gains are measured by integrating
under the respective borrower demand curves. The direct effect is stronger for smaller
borrowers because they are more exposed to the market power of specialized lenders,
particularly through tacit collusion in syndication.

26 Although the intervention intensity T may in practice vary with borrower characteristics, for simplicity
we restrict attention in this section to the case in which it is constant.
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Note: This figure shows the intensive and extensive effects of the government lending facility for DIP loans. Panel A depicts the
overall effect on the risk-adjusted yield spread, R, and the loan-to-asset ratio, L/ A. Panel B shows the extensive-margin effect of the
government lending facility on reducing the number of participating specialized lenders and decreasing the likelihood of borrowers’
turning to lenders of last-resort. The total number of lenders, including the expected participation of the government, is also plotted.

Figure 7: The Overall Effect and Extensive Margin of the Government Lending Facility

Our analysis also shows that the indirect effect varies with the intensity of govern-
ment intervention, 7, in a highly nonlinear, though monotonic, manner. Even at 7 = 0.8,
the indirect effect remains limited, especially for small borrowers. Once T = 1.0, how-
ever, the indirect effect becomes substantial for both small and large borrowers. It re-
duces the average risk-adjusted yield spread on syndicated loans by specialized lenders
(i.e., type-2 loans) by approximately 244 basis points for small borrowers and 125 basis
points for large borrowers, broadly similar to the direct effect. At the same time, it in-
creases the average loan-to-asset ratio by about 0.189 for small borrowers and 0.09 for
large borrowers, again close to the direct-effect magnitudes. These changes raise bor-
rower welfare by 17.2% for small borrowers and 12.1% for large borrowers. As with the
direct effect, the indirect effect is stronger for smaller borrowers because they are more
exposed to the market power of specialized lenders, particularly through tacit collusion

in syndication.

What Are the Implications Along the Intensive and Extensive Margins? As shown
in Panel A of Figure 7, a higher intensity of government intervention, 7, increases the
overall benefits of government lending facilities for borrowers. This overall effect can be
decomposed into intensive- and extensive-margin components. The intensive-margin ef-

fect captures how an increase in T affects the risk-adjusted yield spread R and the loan-
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Table 6: The Effect of Government Intervention: DIP Loans.

Direct effect Indirect effect
T =08 T =10
R (bps) Small —249 0 —244
Large —129 —69 -125
L/A Small 0.190 0.000 0.189
Large 0.091 0.039 0.090
Borrower Small 0.175 0.000 0.172
Welfare Large 0.126 0.075 0.121

Note: This table examines the impact of government lending facilities on borrowers of varying sizes. It focuses
on type-2 loans, i.e., syndicated loans made by specialized lenders. We report the changes from the baseline
model caused by the direct and indirect effects of government lending facilities.

to-asset ratio L/ A, holding fixed the number of participants in type-2 syndicated lend-
ing at m. It is measured relative to the benchmark in which the same m participants col-
lude in the syndicated loan at their estimated levels. Meanwhile, the extensive-margin
effect captures how an increase in 7 affects the risk-adjusted yield spread R and the loan-
to-asset ratio L/ A through changes in market participation: stronger government inter-
vention (i) crowds out some specialized lenders, thereby reducing the number of partici-
pants m, and (ii) lowers the likelihood that borrowers are left without either specialized-
lender or government participation in the syndicate, forcing them to rely on lending by
private equity and hedge funds, as shown in Panel B of Figure 7.

On the one hand, a higher government intervention intensity, 7, unambiguously re-
duces the risk-adjusted yield spread R and increases the loan-to-asset ratio L/ A along
the intensive margin, because it weakens collusive capacity through both the direct and
indirect channels discussed above, holding fixed the number of participants in type-2
syndicated lending at m. This is unambiguously improves the welfare of distressed bor-
rowers. On the other hand, along the extensive margin, a higher 7 has two countervail-
ing effects on R and L/ A, and thus on borrower welfare. On the positive side, it reduces
the likelihood that borrowers are left without either specialized-lender or government
participation in type-2 syndicated lending and therefore must rely on private equity and
hedge fund lending; this lowers R and raises L/ A, thereby benefiting distressed borrow-
ers. On the negative side, it crowds out specialized lenders in type-2 syndicated lending;
this increases R and lowers L/ A, thereby hurting distressed borrowers. Our estimation
suggests that this negative crowding-out effect is quantitatively limited, because the re-
duction in specialized-lender participation is, on average, almost fully offset by stronger
participation by the government SPV, leaving the total number of lenders in the syndi-
cation almost unchanged, as reflected in dotted curves in Panel B of Figure 7. Taken to-
gether, the positive extensive-margin effect dominates the negative one.
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9 Conclusions

This paper studies lender market power in the loan markets for distressed corporate bor-
rowers, where a few specialized lenders finance a large fraction of loans. Even after re-
moving credit- and liquidity-risk compensation, ultra-high risk-adjusted yield spreads
persist, averaging 711 basis points for DIP loans and 308 basis points for highly specu-
lative loans. We develop and estimate a dynamic game-theoretic model incorporating
strategic competition, endogenous collusion capacity, endogenous market participation,
and latent demand heterogeneity, estimated via Bayesian MCMC on 436 DIP and 435
highly speculative loan facilities.

Our estimation reveals that lender market power accounts for 75% of risk-adjusted
spreads in the DIP market and 97% in the highly speculative loan market, including ap-
proximately 140 basis points from tacit collusion through syndication in each market. By
reducing survival-critical liquidity by 16-20%, lender market power worsens asset-value
destruction and amplifies financial distress costs, making it a quantitatively important
source of deadweight losses from corporate financial distress, which was underappreci-
ated in the literature. Smaller borrowers are particularly exposed, as their weaker bar-
gaining positions and less elastic demand strengthen lenders’ collusion incentives.

These findings carry nuanced policy implications. Blanket prohibitions on collu-
sion are not straightforwardly welfare-improving: collusive rents support specialized
lenders” entry, and eliminating them would shrink lender participation and push dis-
tressed borrowers toward expensive lenders of last resort. Our counterfactual analysis
shows that government participation in distressed loan syndication reduces borrowing
costs through both direct price effects and indirect effects on collusion incentives, with
the largest welfare gains accruing to smaller borrowers most exposed to lender market

power.
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Appendix

A Microfoundations of Borrowers’ Demand Curves

Given a distressed borrower of size A and type k, the borrower chooses the optimal loan
amount L to maximize its gains from the loan:

max {LPksk(A,z)l—Pk —L {R + RP, <§)] } , (A.1)

where LPkSi(A,z)! Pk captures the benefits derived from borrowing a loan of size L,
RP(L/A) captures the credit and liquidity risk premium, and R captures the risk-
adjusted yield spread, including the important fees described in (1).

Specifically, the coefficient o € (0,1) captures the decreasing returns to scale for
the borrower’s business benefits with respect to the loan size, while Sx(A,z) is the re-
turn shifter, a term that depends on latent firm characteristics (similar to Hendel, 1999).
Here, type k reflects group-wise latent heterogeneity (e.g., Kasahara and Shimotsu, 2009;
Cheng et al., 2023). The return shifter S;(A, z) is specified as follows:

Sk(A,z) = Ae'* 7%, (A.2)

where v, represents latent group-wise heterogeneity, and z is a latent firm-specific de-
mand shock.
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The credit and liquidity risk premium RP;(L/A) is specified as follows:

Tk

where hy > 0 and vy, € (0,1). Estimates in the literature suggest that -y is positive but
small. Therefore, consistent with theoretical discussions and empirical studies, we as-
sume that the credit and liquidity premium on corporate debt increases with the lever-
age ratio L/ A, as the financial distress risk from the newly-issued distressed loan L de-
pends on the borrower’s size, A.

The first-order condition for L leads to a demand curve of loan size for a type-k
borrower as follows:

ok LP1S,(A, z) Pk = R [1 _|_eln(hk+'yk)—ln(R)+’ykln(L/A)] (A.4)
Taking log on both sides leads to
In(px) + (ox — 1) In(L/A) — v — 07] (A.5)
—In(R) +In [1 + eIn((1+70) ~In(R)+ ¢ In(L/ Aq (A.6)
The Campbell-Shiller log-linear approximation leads
In [1 + eI (1+7)) —In(R)+7¢ ln(L/A)} (A7)
~ ag + a1k [In(he (14 7)) —In(R) + 7 In(L/ A)], (A.8)

where ag; > 0and a;; € (0,1).
Thus, arranging terms in (A.8) leads to the following relationship:

In <%) ~ ar — e In(R) + 0z, (A.9)
where
2 = In(px) + (1 — pr)vk — agx — ayx In(g (1 + i) (A10)
1T+ aykve — px '
1-— allk

£ = . (A11)
L a1 Yk — Pk

A higher ¢ implies that the firm’s loan demand L is more sensitive to increases in
the risk-adjusted yield spread R set by lenders. This indicates greater elasticity in the
borrower’s demand for loans and, consequently, stronger bargaining power.
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B Pairwise Syndication Interaction Intensity

Figure Al: Syndication interaction intensity in both markets

(a) DIP loans (b) Highly speculative loans
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C Proof of Proposition 4.1

Exploiting the model’s homotheticity property, we can first express LS (A, k, x, m) and
Lg (A, k,x,m; L) as follows:

LS (A, k, x,m) = LE(A, k,m)hy(k, x) A (A.12)
LY (A k,x,m; L) = LP (A, k,m; L)hy(k, x) A. (A.13)

We next derive the equilibrium conditions characterizing LE(A,k,m) and LP (A, k,m; L).
Taking EC(A, k,m) as given, the condition defining LP(A,k,m; L) is

1 1/€k
D .rCy — —
L5 (A k,x,m; LY) = argznax <£+ (= 1)£C(A,k,m)> 1] L. (A.14)
The corresponding first-order condition is
1 LP D c Ve
P AR LD+ (m = 1)L (A dm)| (A.15)

It's clear that LP(A,k,m; LC) is continuous in LE(A,k,m). Thus, with the optimal
deviation £P (A, k, m) pinned down in (A.15), the optimal deviation profit is

HZD(A, k, m; EC)
1

1/€k
_ D . rC
(KD(A,k,m;/:C)+(m—1)£C(A,k,m)> 1| LP (A, k,m; LY Ha (k) A,

(A.16)
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which is also continuous in £¢(A, k,m). Accordingly, by equation (18), the equilibrium
profit under collusion, I1S (A, k, m), is also continuous in LE(A, k, m). Taken together, we
know that W€, LP(A,k,x,m; LC), TIP (A, k,m; L), and TIS (A, k,m) are all continuous
functions of £¢(-) € R®, where R is a G = ] x K x m-dimensional Euclidean space.

It follows that there exists a participation threshold w( such that the incentive-
compatible (IC) feasible set ILC(w}.) is nonempty. This holds because the non-collusive
Nash equilibrium threshold w}; yields a nonempty IC feasible set IL¢(w};) that con-
tains the non-collusive lending amount LN, Moreover, since WE, £P (A, k,x,m; EC),
H? (A, k,m; £C), and H2C (A, k,m) are all continuous functions of £¢(-) € R®, the IC fea-
sible set L (w}.) is a bounded and closed subset of R® for any feasible cutoff w}. with
nonempty IC feasible set L (w.).

For any w. that yields a nonempty IC feasible set L (w.), the continuation value W¢
is continuous and strictly concave in £¢(+) € R, as implied by equations (18) and (22).
Consequently, there exists a unique maximizer £°(-) € L (w}.) of W, and we define

WE(wk) = WE. A17
(we) o ) (A.17)

The maximum continuation value W (w}.) is continuous in w. over the set of participa-
tion cutoffs that yield nonempty IC feasible sets. Let MC denote this set. Because M®
is bounded and closed within [w};, w},], the maximum is attained for some w} € MC.
We focus on the largest such cutoff, which is unique by construction.
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