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Abstract

This thesis consists of three empirical studies on bank lending and corporate finance, addressing
two central policy-relevant issues for financial market dynamism and technology development.
The first study explores whether and how banks develop specialized knowledge about corporate
technology through their lending activities. We find that loans to firms sharing similar tech-
nologies with banks’ prior borrowers obtain lower loan spreads. We can rule out product market
competition, the value of their technology and ability to innovate, and/or numerous other firm
characteristics as alternative explanations. By estimating a structural bank-borrower matching
model and exploiting the consummation of bank mergers and acquisitions, we can show that
shocks to banks’ technology knowledge causally affect loan pricing.

In the second study, we develop a novel AI-driven Co-Lending Graph Neural Network (CoL-
GNN) model to capture risk spillovers in syndicated lending markets. Our approach integrates
bank characteristics, loan attributes, and network topology to generate a robust and novel
spillover risk measure (CLN score) that predicts bank distress and profitability up to two years
ahead. Leveraging natural experiments involving credit rating downgrades and the unexpected
collapse of Lehman Brothers, we provide causal evidence of risk transmission across financial
institutions. The CLN score significantly outperforms traditional risk metrics and standard
network centrality measures, particularly for smaller, complex, and privately held banks. Fur-
ther analysis reveals that revolving credit facilities primarily drive risk spillovers due to their
intensive monitoring requirements. By uncovering previously hidden bank vulnerabilities, our
deep learning framework offers regulators and market participants an effective early-warning
tool for managing spillover risks in highly interconnected banking ecosystems.

In the third study, we swift to a corporate finance to investigate how antitrust lawsuits affect
corporations. We focus on government procurement cases, which we identify using large lan-
guage models. Using a difference-in-differences design, we document that non-defendant firms
gain federal contracts, expand employment and sales, and experience positive abnormal stock
returns following antitrust filings. We provide evidence that these effects arise from the effective
exclusion of defendant firms from the market. While antitrust lawsuits enhance market com-
petition and reduce concentration, we document that the benefits are not evenly distributed:
larger, well-established firms benefit more than smaller, financially constrained businesses. We
also find no significant impact on government acquisition costs.
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Chapter 1

Introduction

Financial markets worldwide face a period of exceptional change characterized by unprecedented
technological advances, enhanced interconnectedness, and increasing concerns about market
concentration. The widespread application of artificial intelligence, machine learning, and other
technologies has profoundly transformed the methods used in finance to value counterparties
and allocate resources. These innovations potentially mitigate certain information asymmetries
while simultaneously creating new forms of specialized knowledge that remain unevenly dis-
tributed across market participants. Despite their growing importance, we have limited empiri-
cal evidence on how these technological transformations affect fundamental financial activities,
lending, risk management, and market competition.

These technological developments have significant implications for the three critical aspects
of modern financial markets. First, financial institutions increasingly accumulate specialized
technology knowledge, creating information advantages that influence lending decisions and
resource allocation. Second, the growing interconnectedness among financial institutions has
created complex embedded networks for the rapid transmission of information and risk, often
through channels poorly monitored by traditional systems. Third, competitive market forces
emerged with concentrated knowledge and network structures, leading to important questions
about the effectiveness and distributive impacts of interventions. Each of these facets reflects
an underlying tension in the market that impacts economic outcomes; however, thorough em-
pirical analysis has been hampered by challenges arising from the difficulties in identifying and
measuring them.

Asymmetric information, technical specialization, and competitive pressures are the building
blocks of lending choice, risk transmission, and firm market performance in modern financial
markets. This thesis examines these issues through three empirical studies that investigate
critical, yet underexplored, dimensions of banking and corporate finance. We examine how
banks use specialized technological knowledge in loan contracting, how interconnection among
lenders in syndicated lending networks transfers risk between financial institutions, and how
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enforcement policy in procurement markets by governments affects firm performance. Together,
these three studies contribute novel empirical evidence to the literature on banking and corporate
finance, while offering actionable insights for practitioners and regulatory authorities concerned
with promoting technological innovation, strengthening financial stability, and ensuring effective
competition in markets.

This thesis responds to policy and economic concerns regarding technological innovation, lending
relationships, and competition across markets through three complementary empirical studies.
In our first investigation, we contribute to long-standing concerns about how knowledge special-
ization affects financial intermediation by documenting how banks develop expertise by lending
to technologically similar firms, revealing that technology similarity between the current bor-
rower and a bank’s prior borrowers significantly impacts loan pricing decisions. Our findings
challenge the traditional focus on industry specialization by showing that technology-based in-
formation advantages operate through distinct channels and have independent economic value.
In our second investigation, we advance our understanding of risk transmission in financial net-
works by developing a novel AI-driven deep learning framework, the Co-Lending Graph Neural
Network (CoLGNN), which quantifies how risk propagates through co-lending relationships.
Our model identifies directional risk spillovers between lead arrangers and participant banks
and offers a comprehensive risk monitoring framework that accommodates public and private
institutions. Our third research investigation makes ongoing contributions to the distributional
effects of antitrust enforcement by using large language models to analyze procurement-related
antitrust cases. In revealing that increased market competition from antitrust enforcement
benefits established firms at the expense of entry by small firms, our research challenges con-
ventional expectations on the democratizing impact of policy intervention and presents evidence
of friction in market reallocation processes.

Specifically, in the first study, we investigate whether banks develop specialized knowledge
about corporate technology through their lending activities, and how this accumulated expertise
influences loan contracting. Current research on banks has identified industry-specific knowledge
as a key factor in lending relationships (Blickle et al., 2023; Giometti & Pietrosanti, 2022);
however, we show that technological expertise transcends industry boundaries and represents an
increasingly important dimension of bank specialization. We measure the technology similarity
between a borrower and a bank’s prior borrowers using patent-based technology profiles, and
extend it to quantify the accumulated technology knowledge of banks. Using three-decade U.S.
syndicated loan data from 1990 to 2020, we find that firms whose technology profiles are similar
to a bank’s previous borrowers receive significantly lower loan spreads, translating to meaningful
cost savings. A one-standard-deviation increase in technology similarity reduces loan spreads
by approximately 4 basis points, equivalent to annual savings of $170,000 for the average loan
in our sample. This cost savings is economically considerable, aligning with previous literature
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documenting the economic significance of similarly sized spread reductions (e.g. Hasan et al.,
2014).

To establish causality, we employ two complementary identification strategies: first, a structural
bank-borrower matching model demonstrating that the economic surplus is maximized when
banks are matched with technologically similar borrowers; second, a difference-in-differences
analysis exploiting bank mergers and acquisitions as a quasi-natural experiment that exoge-
nously increases acquirer banks’ technological expertise. Our extensive robustness tests rule
out alternative explanations such as product market competition, patent value, or industry
specialization. In particular, we find that technology similarity affects pricing primarily in rela-
tionship loans such as revolving credit facilities and does not affect term loans that are frequently
traded in secondary markets, as predicted by the relationship-intensive nature of technological
knowledge. Our mechanism tests reveal that technology similarity functions as a channel of
information and reduces screening costs because firms having the same type of technology are
similarly creditworthy at origination and in the long term. We also document how expertise in
specific technologies directly improves the profitability and stability of banks and how banks
with specialization in technology are more profitable and have a higher distance to default.

Furthermore, we show that the benefits of technological expertise are most pronounced when
information asymmetries are high. Specifically, borrowers with lower technological obsolescence,
less product disclosure, and those that are more opaque experience greater loan spread reduc-
tions. Similarly, the effect is stronger on less well-capitalized banks and liquidity-constrained
banks with stronger resource constraints on screening and monitoring borrowers. These findings
show how technology similarity reduces information frictions in lending markets and improves
credit allocation efficiency. This study contributes to the growing literature on the economic
value of technological innovation by developing a new measure of banks’ technological expertise
to capture knowledge spillovers between borrowers. These findings have significant policy impli-
cations, particularly for addressing financing challenges in emerging technological domains such
as green innovation and artificial intelligence. Our evidence suggests that targeted government
support during the initial adoption phases could be warranted, as this would allow banks to
accumulate technological expertise, eventually reducing information frictions and enabling more
efficient capital allocation without the need for ongoing government support for the financing
of technology advancement.

In the second study, we introduce a novel AI-driven Co-Lending Graph Neural Network (CoL-
GNN) model to capture the risk spillovers in syndicated lending markets. Building on research
on interconnectedness among financial institutions (e.g. Acemoglu et al., 2015; Cabrales et al.,
2017; Elliott et al., 2014) and the importance of information asymmetry in syndicated lending
(e.g. Gopalan et al., 2011; Ivashina, 2009), we close a central gap in risk monitoring systems
based predominantly on market data, omitting private banks due to lack of reliable data, and
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ignoring network transmission mechanisms due to complex topology. We construct a directed
co-lending network accounting for the naturally asymmetric co-lending relations among lead
arrangers and participant banks, where information asymmetries create unique channels for
risk propagation. We employ recent developments in deep learning on graph-structured data to
jointly model features of banks and loans as well as the network topology. Using comprehensive
data from U.S. syndicated loans and bank holding company information from 1991-2020, we
generate a co-lending network risk score (CLN score) that serves as an early warning indicator of
bank risk, predicting future bank risk and performance up to eight quarters ahead. To improve
model interpretability, we further apply the integrated gradient method to quantify the contri-
bution of each input feature on the CLN score, thereby identifying key drivers of network-based
bank risk.

To validate that our model captures genuine risk transmission rather than common exposure to
distressed borrowers, we exploit two quasi-natural experiments: credit rating downgrades and
the collapse of Lehman Brothers. Using a stacked-cohort difference-in-differences design, we
show that banks directly connected to downgraded banks experience higher subsequent increases
in their CLN score than control banks without such exposure. Similarly, following Lehman’s
collapse, a shock originating outside its corporate lending activities, banks with prior co-lending
ties exhibit significant increases in their CLN score, supporting directional spillovers through
the co-lending network. Importantly, the compared CLN score exhibits predictive power beyond
common risk indices, particularly for private banks. We show that the CLN score significantly
outperforms standard network centrality measures in predicting future bank risk, suggesting
the limitations of conventional network analysis approaches that focus solely on relative node
importance. Even when controlling for stock returns, our CLN score maintains its predictive
power, implying that it captures unique risk information not reflected in market performance.

Our channel tests show that risk propagates primarily through monitoring-intensive revolving
credit facilities rather than term loans that are frequently sold in secondary markets, highlight-
ing the importance of ongoing lending relationships in risk transmissions. In addition, we find
that more vulnerable banks—those with smaller size, weaker earnings, higher return volatil-
ity, and lower capital adequacy—are particularly susceptible to network-driven risk spillovers.
The CLN score shows robust predictive performance across different sample periods, with sig-
nificantly stronger effects during the global financial crisis when systemic risk and contagion
intensified. This study extends the financial network literature by modeling the topological
structure of co-lending relationships, advances bank risk measurement by developing an early-
warning system that includes private institutions, and demonstrates the practical application of
artificial intelligence in enhancing financial stability monitoring. The findings have important
policy relevance for regulators seeking to identify potential channels of risk spillover before they
materialize into systemic crises and for banks looking to better manage counterparty exposures
in syndicated lending markets.
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In the third study, we examine how antitrust enforcement affects corporate performance using
government procurement markets as a natural laboratory. An increase in corporate market
concentration has been documented in the economic and finance literature (e.g., Autor et al.,
2020; Barkai, 2020). These dynamics have reignited interest in antitrust enforcement among
policymakers, researchers, and the media, as more robust antitrust measures are being consid-
ered as potential solutions to limit corporate market power, protect competition, and promote
market fairness. However, empirical evidence on the distributive effects of antitrust enforcement
remains surprisingly limited and lacks consensus on whether these legal actions benefit or harm
affected markets and their participants. The government procurement market provides an ideal
setting to study these persistent questions, since it offers guaranteed demand that eliminates
demand-side confounders, it is highly susceptible to supplier collusion, and it provides high-
quality data on market participants and structure. We employ large language models to classify
the Department of Justice antitrust cases on procurement between the period 2001-2021 and
extract in-depth information on product markets, defendants, and misconduct types. We merge
these data with granular data on government procurement contracts and government contractor
establishment-level data.

Using a difference-in-differences design, we find that antitrust enforcement generates large re-
distribution effects accruing to non-defendant firms competing in the targeted product markets.
Specifically, non-defendant contractors experience a 9% increase in government contract awards
compared to those in the control markets, as well as large increases in employment and sales
without adverse effects on financial health. This improved access to government contracts
translates into higher stock market valuations for publicly traded non-defendant firms, with an
average increase in shareholder wealth of $8.45 million. Our results are robust to a series of
robustness checks, including controls for industry trends, product market-specific time trends,
propensity score matching, and placebo tests with non-procurement establishments. Specifi-
cally, our findings indicate that the beneficial impact is stronger for antitrust action to deal
with corruption, fraud, and bribery allegations, where defendant firms face formal debarment
from government contracting, thereby producing a particularly clear market exclusion resulting
in significant redistribution.

At the product market level, we record higher market participation and lower concentration
after antitrust enforcement, in line with the theoretical aim of enhancing competition. How-
ever, we find no indication that such beneficial competitive effects are passed on in the form of
lower government procurement costs—if anything, contract renegotiation becomes more com-
mon, which may well raise costs. Furthermore, against the common perception that antitrust
enforcement primarily helps small firms and new entrants in the market by lowering the costs of
entry, our findings indicate that larger and more established firms predominantly reap the ad-
vantages in the altered competitive environment. Small and financially weaker firms also have
comparatively lower market shares after enforcement interventions, indicating that increased
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competition involves significant resources to be in a position to compete in newly opened mar-
kets. The evidence in this paper contradicts conventional wisdom about the democratizing
impact of antitrust actions and exposes fundamental frictions in market reallocation processes
that are more consistent with recent empirical evidence demonstrating how market leadership is
reorganized among incumbent firms rather than being contested by new market entrants (Faccio
& McConnell, 2020). The paper provides new evidence on the multifaceted distributional effects
of antitrust enforcement with important implications for competition policy, procurement law,
and policy on helping small businesses.

The remainder of this thesis is structured as follows. Following the introduction, Chapter 2
examines the role of technological expertise in bank lending decisions and its influence on loan
pricing. Chapter 3 investigates how risk propagates through financial institutions’ co-lending
relationships using a novel graph neural network framework. Chapter 4 analyzes the impact of
antitrust enforcement on corporate performance in government procurement markets. Chapter 5
concludes the thesis by synthesizing the findings and discussing broader implications for financial
intermediation, risk management, and market competition.



Chapter 2

Borrower Technology Similarity and Bank Loan Con-
tracting

2.1 Introduction

In spite of technological innovations being a key driver of economic growth, the role of borrowers’
technology profiles in bank lending decisions remains an open issue. In the U.S., corporations
are the main loci for technological innovations, which account for the bulk of R&D expenditures
(Chava et al., 2017). The financing of innovative firms is therefore an important function of
the financial sector in which banks play a critical role, for example through the syndicated loan
market. However, the information asymmetry and adverse selection faced by banks increase
the costs in loan screening and monitoring, raising the cost of bank financing for corporate
borrowers and the likelihood of under-funding productive firms (Greenwood et al., 2010). The
inherently risky high-tech nature of innovative firms exacerbates the under-funding problem due
to their high opacity and hence the need for tech-specific knowledge to assess credit risk.

To alleviate these funding challenges, greater information disclosure for borrowers is an option
(Saidi & Žaldokas, 2021). Alternatively, the bank’s accumulated knowledge from past lending
to firms sharing similar technologies could imply a source of value via cost savings in loan
screening and monitoring. Such an information advantage may rationally lead to a degree of
bank specialization in technologies that overrides banks’ industry specialization because firms
from different industries can share similar technologies. For example, Hyundai Steel Co. (a steel-
making company), Deutsche Post AG (a mail services company), and Berkshire Grey Inc. (a
robotics company) all have patents granted in the Cooperative Patent Classification (CPC) class
B65G “Transport or Storage Devices”.1 As shown in Figure 2.1, the average technology similarity

1CPC is a patent classification system jointly developed by the United States Patent and Trademark Office
(USPTO) and European Patent Office (EPO) which has replaced the United States Patent Classification (USPC)
in 2013. See our later discussions for more details. The three companies Hyundai Steel Co., Deutsche Post Ag,
and Berkshire Grey Inc. have distinct Standard Industrial Classification (SIC) codes 3312, 7389, and 3569,
respectively, but all have some patents related to conveyors (group 15 under class B65G).
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between a bank’s borrower and the bank’s prior borrowers has shown a marked increase since
the 2007-09 Global Financial Crisis, reaching a historical high in 2020. This trend reflects
banks’ increasing technological specialization. Moreover, it underscores the value implications
of technological specialization, as we expect and find that banks—especially medium and small-
sized ones—specialize in a few technological classes to sharpen their competitive edge and boost
performance.

[Insert Figure 2.1 about here]

Further, borrowing firms’ technology diversity (Hsu et al., 2018) has been declining substan-
tially since the 1990s, as shown in Figure 2.2. This indicates firms’ patent portfolios have
become increasingly concentrated in specific technological areas over time. This trend sug-
gests that banks’ accumulated technological knowledge from past lending experience should be
particularly valuable for reducing information asymmetry and screening costs when evaluating
new borrowers with similar technological profiles. In this paper, we examine whether this ac-
cumulated technological expertise translates into tangible benefits in loan contracting terms,
specifically through lower loan spreads, and investigate whether such bank-borrower matching
is economically optimal.

[Insert Figure 2.2 about here]

We rely on borrower patent information to measure, as in Jaffe (1986) and Bloom et al. (2013),
the average pair-wise technology similarity between the prospective borrower and its bank’s
prior borrowers in recent years. While past information accumulation by the bank could lead
to a lowering of spreads, the net impact, however, remains ex-ante unclear and warrants an
empirical study for two reasons. First, borrowers with similar technologies may face greater
product market competition as a result of the technologies being more likely to be applied in
related product markets (e.g., Bereskin et al., 2023). A high technology similarity between the
bank’s current and past borrowers could also imply more industry segment concentration in
the bank’s loan portfolio, undermining potential diversification benefits (e.g. Boyd & Prescott,
1986; Diamond, 1984).2 Second, banks may extract rents based on their accumulated infor-
mation advantage (e.g., Rajan, 1992) instead of passing on to the borrower the cost savings
from the reduced due diligence needed in assessing the borrower’s technology profile. These
possible channels could lead to a positive relationship between technology similarity and loan
spreads, but are not supported by our empirical results. We find that increased industry segment
concentration is positively associated with the loan spread, but a higher borrower technology
similarity causally reduces the loan spread. Further, we show that offering lower loan spreads

2The technology similarity of a prospective borrower and the bank’s prior borrowers is positively correlated
with their industry segment similarity with a correlation coefficient of 0.21 in our sample.
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to borrowers with a high technology similarity to the banks’ prior borrowers is economically
optimal as the total economic surplus for both banks and borrowers is expanded. We establish
this finding using a structural bank-borrower matching model similar to Fox (2017, 2018) and
Schwert (2018).

Specifically, at each loan’s origination, we compute the technology similarity of the borrower and
its bank’s prior borrowers in the past five years using the average pair-wise technology similarity
measure from Jaffe (1986) and Bloom et al. (2013). The pair-wise technology similarity is
a cosine similarity of the firm’s technology profiles measured by the proportions of patents
granted in each of the Cooperative Patent Classification (CPC) technology classes. In this
application our technology similarity measure does differ somewhat from the technology spillover
measure deployed in Bloom et al. (2013) and Qiu and Wan (2015). These prior studies captured
the firm-year technology similarity to the whole economy. Instead, our bank-firm-year level
technology similarity measure represents a bank’s time-varying technological expertise specific
to each borrower.

Using a comprehensive sample of U.S. syndicated loans from January 1990 to December 2020,
we show that loans to firms with a higher technology similarity with banks’ prior borrowers have
lower loan spreads and total costs. A one-standard-deviation increase in technology similarity is
associated with approximately a 4 basis points (bps) reduction in loan spreads. This reduction
is economically meaningful for a mean loan spread of 205 bps (175 bps), being equivalent to an
annual loan cost saving of $170,000 ($66,000) for a mean (median) loan of $425.14 (166) million
in our sample. Such effect remains even after controlling for borrower’s product market rivalry
(Hoberg & Phillips, 2016; Hoberg et al., 2014), product market segment similarity (Bereskin
et al., 2023; Bloom et al., 2013), prior lending relationship (Bharath et al., 2011), and borrower’s
patent stock and value (Chava et al., 2017; Kogan et al., 2017).

Innovative borrowers such as green firms may take this opportunity to reduce their financing
costs, which have been shown to receive favorable loan recommendations from bankers (Bu et
al., 2023).

As for other loan characteristics beyond loan spread, we find that loan size, maturity, and
secured status for example are not affected by technology similarity, possibly because these loan
characteristics are more driven by corporate needs and assets, and are thereby pre-determined.
Hence, the bad control problem that may exist when including these loan terms as independent
variables may be less acute; yet, we confirm that their exclusion leaves the main estimates we
report mostly unaltered.

In robustness tests, we rule out the possibility that bank industry specialization drives our
results by controlling for lender times industry times year fixed effects. We show that our
results are also robust to alternative industry classifications, alternative window sizes used for
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measuring firm patent classes, as well as alternative constructs of borrower technology similarity
addressing potential attenuation bias. Further, even when we exclude firms without patents,
loans originated by banks with few recent borrowers, or loans to major customers, we find the
same inference. Our results remain largely unchanged after controlling for the participation of
non-bank lenders, who may be invited to join loan syndicates due to their specialized technology
knowledge. We additionally conduct a placebo test and find no relationship between loan spreads
and the technology similarity of a borrowing firm with the bank’s future borrowers.

To investigate how banks benefit from the accumulated technology knowledge, we show that
lending to borrowers sharing technologies with banks’ prior borrowers is associated with higher
bank future return on assets (ROA) and distance to default. We then show that technology
similarity is indeed informative about borrower’s creditworthiness in both contemporaneous
and predictive regressions. A higher technology similarity with prior borrowers is negatively
associated with the absolute difference between their credit risks measured by the Altman
Z-score, Merton (1974) default probability, and their debt service capabilities measured by
profitability and cash holding. These results suggest that firms with similar technologies tend
to have similar credit risks both at and post loan origination, which could lower banks’ screening
and monitoring costs, leading to reduced loan spreads.

However, establishing a causal link between a borrower’s technology similarity with its bank’s
prior borrowers and loan spreads is empirically challenging. Given that our technology similarity
measure is specific to each bank-borrower matched pair (at loan origination), it is difficult
to find an exogenous shock directly to the technology similarity measure, which alters the
borrower’s technology profile but does not affect the bank-borrower matching or the borrower’s
fundamentals and future business prospects. An instrumental variable regression approach is
also precluded as an instrumental variable that correlates with technology similarity but not
with borrower characteristics that are important determinants of bank loan pricing is hard to
come by. To the best of our knowledge, prior studies such as Bereskin et al. (2023), Lee et al.
(2019), and McLemore et al. (2022) also encounter similar challenges. We therefore explore two
alternative methods for our identification strategy.

We begin by estimating a structural matching model, building on the frameworks of Fox (2017,
2018) and Schwert (2018), to identify the key factors influencing bank-borrower matching deci-
sions in the absence of unobservable counterfactual assignments. Specifically, our model assumes
that both banks and borrowers seek to maximize their respective values. Loan contracts involve
transfer payments, such as interest rates and fees. However, due to the absence of data on
unobservable counterfactual loans, we establish an inequality condition for simultaneous value
maximization that abstracts from transfer payments. Under the assumption that realized bank-
borrower matches (i.e., observed loans) generate higher value than unobserved counterfactual
matches, we apply a semi-parametric estimation approach to analyze the determinants of loan
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formation at the bank-borrower level (Schwert, 2018). Our results suggest that overall economic
surplus for both banks and borrowers is maximized when banks engage with borrowers whose
technological profiles align with those of their prior borrowers. Furthermore, borrowers with
technology profiles similar to those of banks’ previous clients tend to receive loans at lower
spreads, a pattern that is economically optimal for both parties.

To complement the matching model, we then use difference-in-differences (DiD) estimations.
While it is challenging to find an exogenous shock to borrower technology similarity, we alter-
natively exploit reasonably exogenous shifts to the stock of banks’ accumulated technological
knowledge using bank mergers and acquisitions (M&As), which increase acquirer banks’ tech-
nology knowledge but do not affect their extant borrowers’ creditworthiness. Using stacked
cohorts of treated banks with M&A activities and control banks matched via propensity scores
that have no M&A activities in the five-year window around the M&A event year, we find that
loans extended to extant borrowers by acquirer banks after the M&A event are significantly
cheaper than loans issued before, as compared to the loans originated by control banks.

Additionally, we show that the documented beneficial effect of borrower technology similarity
on loan spreads is stronger for borrowers who are ex ante more opaque, especially in their
innovation profiles, with lower technological obsolescence and lower product disclosure. These
opaque borrowers require greater due diligence and screening efforts, enhancing the value of bank
technological expertise in reducing information asymmetry. Banks are more willing to pass on
the cost savings to less-risky borrowers with lower credit risk, leverage, or higher profitability.
Further, we show that the effect is stronger for loans originated by smaller, less-capitalized, or
less-liquid banks. These results are consistent with our conjecture that such banks have more
limited resources to screen and monitor borrowers and hence may place higher value on their
accumulated technology knowledge from past lending.

This study contributes to the literature in four directions. Firstly, we contribute to the bur-
geoning literature on the implications of technological innovation (e.g., He & Tian, 2020). For
example, recent studies identify the impact of technology spillover on product market rivalry
(Bloom et al., 2013), cash holdings (Qiu & Wan, 2015), technology styles (Byun et al., 2021)
and innovation outputs (Matray, 2021). Importantly, to assess borrower’s technological profiles
We extend the technology measures developed by Bloom et al. (2013), Hall et al. (2001), and
Kogan et al. (2017) in the context of bank lending by proposing a measure of a bank’s time-
varying technological expertise specific to each borrower. In doing so, we shed new light on the
economic value of firms’ technological innovation in financing decisions.

Secondly, we contribute to the literature on the interplay between financial intermediaries and
firm technological innovation. On the one hand, many extant studies investigate how the bank-
ing industry affects firm innovation outputs (e.g., Chava et al., 2013; Cornaggia et al., 2015).
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On the other hand, Chava et al. (2017) find that firms with more innovation outputs receive
cheaper bank loans. Saidi and Žaldokas (2021) find that enhanced technology disclosure im-
proves banking competition and helps reduce loan costs for borrowers. We extend the work
of Mann (2018) on the intangible and collateral value of firms’ technology profiles by showing
that the similarity across different borrowers’ technology profiles is informative for credit risk
assessment.

Thirdly, our study contributes to the relationship lending and bank loan contracting literature.
We highlight the value of accumulated technology knowledge from banks’ past lending, thereby
extending the literature on relationship lending (e.g. Bharath et al., 2011; Demiroglu & James,
2010; Ioannidou & Ongena, 2010; Murfin, 2012). Our study provides further evidence for the
crucial role of information asymmetry on bank loan contracting (e.g. Demiroglu et al., 2021;
Gustafson et al., 2021; Ivashina, 2009; Sufi, 2007), and sheds new light on the relation between
bank’s private information advantage and rent extraction (e.g. Schenone, 2010). We extend
the prior literature on various alternative determinants of bank loan contracting (e.g. Campello
& Gao, 2017; Carvalho et al., 2023; Hasan et al., 2014) by showing that bank loan costs are
dependent on the shared technological knowledge across banks’ borrowers.

Lastly, our study contributes to the literature on bank lending specialization. Extant studies
focus mostly on the banks’ specialization in borrower industries and find that banks’ industry-
specific knowledge leads to laxer contract terms for borrowers in the industry (Giometti &
Pietrosanti, 2022), reduces loan spreads and defaults (Blickle et al., 2023, 2024), and reduces
both individual and systemic bank risk (Beck et al., 2022). Gopal (2021) shows that banks
increase credit supply to borrowers whose collateral they have specialization in. We document
that banks’ accumulated technology knowledge reduces loan costs and that matching borrowers
to banks with a clear specialization in the borrower’s technology increases total economic surplus.
More importantly, even when accounting comprehensively for bank industry specialization, bank
technology specialization continues to explain salient loan conditions.

Our findings also have significant policy implications, particularly for the financing of innovative
technologies. For instance, the green transition is clearly a juncture in time when innovative
technology is urgently needed but is not yet very familiar to banks. Due to the high information
asymmetry involved, banks may be hesitant to finance technologies they have not previously
encountered, leading to an under-funding problem (Greenwood et al., 2010). To address this,
government support may be introduced to encourage bank financing for technological innovation
by, for example, subsidizing initial loans. As banks gain experience and knowledge, loan rates
are likely to decrease, allowing for the phasing out of government subsidies. This approach, akin
to policies aimed at small business financing, could be particularly beneficial for new technology
adoption.



Borrower Technology Similarity and Bank Loan Contracting 25

The rest of the paper proceeds as follows. Section 2.2 develops the hypotheses. Section 2.3
discusses our data and key measurements. Section 2.4 presents our baseline results. Section 2.5
discusses the identification challenges and investigates the economic mechanisms. Section 2.6
presents some additional results. Section 2.7 concludes.

2.2 Hypothesis development

Information asymmetry between banks and borrowing firms plays a major role in bank loan con-
tracting (e.g., Ivashina, 2009; Sufi, 2007). Banks invest substantial resources in loan screening
and monitoring to collect and assess information relevant to prospective borrowers’ creditwor-
thiness (e.g., Agarwal & Hauswald, 2010; Botsch & Vanasco, 2019; Gustafson et al., 2021; Rajan
et al., 2015; Schenone, 2010; Sufi, 2007). Beyond the borrowing firm’s fundamental financial
metrics such as leverage, profitability, and so on, non-financial firm characteristics have also
been receiving increased attention. One strand of banking literature, for example, focuses on
intangible capital, including technology capital, and its impact on bank loan contracting (e.g.
Agarwal & Ben-David, 2018; Hasan et al., 2017; Hollander & Verriest, 2016; Karolyi, 2018).
Specifically, firm technology capital is related to its cash holding (Qiu & Wan, 2015), governance
structure (Frydman & Papanikolaou, 2018), creditworthiness (Dannhauser, 2017), competitive
scope and long-term growth (e.g. Glasso & Schankerman, 2013; Romer, 1990). Chava et al.
(2017) find that an exogenous enhancement of intellectual property protection and patent value
results in lower bank loan costs. Mann (2018) identifies that improved pledgeability of patents
contributes to the use of debt financing. Saidi and Žaldokas (2021) show that increased infor-
mation disclosure on borrowers’ technology profiles reduces the cost of switching lenders and
results in a more competitive loan market and lowers the cost of bank financing.

However, firm technology capital is inherently difficult to evaluate due to its opacity and limited
redeployability, exhibiting higher knowledge barriers compared to fundamental or other soft
information sources (e.g., Hall & Lerner, 2010; He & Tian, 2013). Therefore, the accumulated
knowledge from banks’ prior experience in lending to firms with certain technology profiles is
arguably valuable and relevant for future bank financing.

To the extent that such accumulated technology knowledge reduces adverse selection and infor-
mation asymmetry, we expect that banks are more likely to lend to borrowers sharing similar
technologies with the banks’ prior borrowers and they pass on the cost savings from reduced
screening and monitoring to their borrowers (Bharath et al., 2011; Blickle et al., 2024). We
therefore develop our Hypothesis 1 as follows:

Hypothesis 1. Banks charge lower loan spreads for borrowing firms with a higher technology
similarity with the banks’ prior borrowers.
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Nevertheless, we acknowledge that Hypothesis 1 is not clear-cut for two reasons. First, borrow-
ers sharing similar technology profiles may face greater product market competition, which is
known to cause higher bank loan costs (e.g., Valta, 2012). It could also imply an increased in-
dustry concentration of bank loan portfolios as borrowers sharing similar technologies are likely
to compete in the same or related industries, undermining the potential diversification benefits
to the bank. Second, banks may use their information advantage to extract rents (Rajan, 1992),
since the borrowing firm could face worse outside options as it represents greater information
asymmetry to other lenders who have less experience in lending to firms with similar technolo-
gies. Therefore, it remains an empirical question whether a borrower with a higher technology
similarity as the bank’s prior borrowers receives lower loan spreads.

Additionally, we consider the role of technology similarity from both the borrower and bank
sides. From a borrower’s perspective, we expect borrowers who are ex ante more opaque to re-
ceive lower loan spreads when they share similar technologies with banks’ prior borrowers. This
is because the accumulated technology knowledge from banks’ prior lending activities reduces
adverse selection and information asymmetry, which arguably should be more valuable when
borrowers are more opaque, especially in their technology profiles rather than in other aspects.
For example, the importance of banks’ technological expertise increases when borrowers’ tech-
nologies are cutting-edge and up-to-date. More advanced technologies are typically harder to
fully comprehend and of higher value, demanding greater screening efforts from lenders. In this
case, banks’ knowledge of the borrower’s technology plays a more important role in reducing
due diligence costs and hence leads to relatively lower loan spreads. Firms with a high tech-
nological obsolescence are shown to have lower growth and productivity (Ma, 2021), and hence
may not receive reduced loan costs when borrowing even if they share similar technologies with
banks’ prior borrowers. Similarly, Cao et al. (2018) show that firm product disclosure contains
proprietary information and is related to technological peer pressure. As a result, more opaque
borrowers that have lower product disclosure but share similar technologies with the banks’
prior borrowers are more likely to receive reduced loan spreads. Therefore, we form our second
hypothesis as below:

Hypothesis 2. Banks charge lower loan spreads for borrowers that share similar technologies with
the banks’ prior borrowers when borrowers are more opaque with lower levels of technological
obsolescence or product disclosure.

Further, we expect less-risky borrowers with lower credit risk, lower leverage and higher prof-
itability to receive lower loan spreads from banks when they have a higher technology similarity
with the banks’ prior borrowers. These borrowers have better capabilities in servicing debt,
to whom banks may be more willing to pass on the cost savings due to the reduced due dili-
gence needed. This helps with retaining and attracting good-quality borrowers. On the other
hand, while banks’ accumulated technological knowledge is arguably valuable when screening
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lower-quality borrowers with higher risks, it is ambiguous whether the cost savings due to such
knowledge will be passed on to these borrowers more than to the higher-quality borrowers. If
more risky firms receive greater benefits when borrowing from banks whose prior borrowers
share similar technologies, an adverse selection problem seems imminent. Therefore, we form
our third hypothesis as below:

Hypothesis 3. Banks charge lower loan spreads for less risky, less levered, and more profitable
borrowers that share similar technologies with the banks’ prior borrowers.

For banks, because the accumulated technology knowledge reduces the expensive resources
required for evaluating borrower technology profiles, we conjecture that more constrained banks
are likely to benefit more from such accumulated knowledge. Specifically, we expect that smaller
banks with less technology expertise would value borrower technology similarity relatively more.
Figure 2.1 has provided some initial evidence. Similarly, less-capitalized banks may be more
risk-averse and value more the certainty from borrowers of higher technology similarity to their
prior borrowers. Less-liquid banks are likewise more constrained by resources and may value
more the cost savings from the accumulated technology knowledge. As Gustafson et al. (2021)
show that the value of information obtained is negatively related to loan spreads, we expect
that smaller, less-capitalized, or less-liquid banks are more willing to reduce loan spreads for
borrowers with a higher technology similarity to their existing borrowers as this allows banks to
capitalize more on their accumulated knowledge. It is possible, however, that more constrained
banks do not pass on the cost savings to borrowers. The banks may trade off the short-term
gains from retaining the surplus and the potential losses due to their customer switching banks.
Given that less-bank-dependent firms (e.g., with bond market access) are more likely to borrow
from less-capitalized banks (Schwert, 2018), we expect that the more constrained banks, due
to concerns of customer retention, will charge lower loan spreads when borrowing firms have
a higher technology similarity with their prior borrowers. We thus have the following fourth
hypothesis:

Hypothesis 4. Smaller, less-capitalized, or less-liquid banks charge lower loan spreads for bor-
rowing firms that share similar technologies with the banks’ prior borrowers.

2.3 Sample and variable construction

2.3.1 Measuring technology similarity

To capture banks’ time-varying knowledge of borrowers’ technology profiles, we require a mea-
sure that varies by bank-firm pair and over time. Therefore, we use the technology similarity of
a borrower with the bank’s recent borrowers to gauge the bank’s knowledge of this particular
borrower’s technology profile at loan origination. Because this technology similarity measure
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is computed for each loan, it is naturally specific to the pair of bank and borrower at loan
origination and offers some important features. It allows for not only a bank having differ-
ent levels of knowledge in different technology classes at a given time, but also a bank with
time-varying knowledge in a given technology class. Specifically, we compute the technology
similarity measure in two steps. First, at each loan’s origination, we compute the pairwise
technology similarity between the borrower and each of the bank’s recent borrowers. Second,
we aggregate the pairwise similarities to the bank-borrower level as our measure of the bank’s
knowledge of the borrower’s technology at the time of loan origination.

In the first step, we compute the pairwise technology similarity, consistent with Jaffe (1986), as
the spatial proximity of two firms’ technology profiles measured by patents granted and their
technology classifications. Using this method, for example, Bloom et al. (2013), Byun et al.
(2021), and Qiu and Wan (2015) obtain the technology similarity between each firm and the
whole economy to measure technology spillover. Lee et al. (2019) and McLemore et al. (2022)
sum over the technology similarity within pre-specified firm sets to measure the technology
linkage between firms.

Empirically, we collect all firms’ patents granted and their technology classifications using the
Cooperative Patent Classification (CPC), a classification system jointly developed by the United
States Patent and Trademark Office (USPTO) and European Patent Office (EPO).3 The pair-
wise technology similarity between a borrowing firm i and a bank’s prior borrower j, as at the
origination time t, is the normalized uncentered cosine similarity between the patent portfolio
of firm i at time t and the portfolio of firm j at its prior borrowing time τ :

Pairwise Technology Similarityijtτ =
(TitT

′
jτ )

(TitT
′
it)0.5(Tjτ T

′
jτ )0.5

(2.1)

where Tit is a k-dimensional vector of firm i’s proportions of patents granted in each of the k

technology classes over the past five years,4 where the value of each element in Tit is strictly
between zero and one. We assume that a bank learns the most about a borrower’s technology
profile at loan origination, and hence we use the patent portfolio of prior borrowers at their
respective borrowing time τ in the five-year window, i.e., τ ∈ [t− 5, t− 1], instead of time t, in
computing the pairwise technology similarity. Figure 2.A1 in the Appendix provides a graphical
illustration.

3In the later section of data sources we explain in detail the technology classifications.
4The total number of technology classifications, k, varies with time. We use a k of 660. We follow the standard

innovation literature to use a five-year window to allow for some accumulation of technology stock (e.g. Bloom
et al., 2013; Lee et al., 2019). Our results are robust to alternative window sizes such as 1-year, 3-year, 7-year
and all-history windows as shown in Table 2.A1 in the Appendix. All of our empirical results still hold if we use
the USPTO classification system using data before 2013 (the USPTO technology class system was replaced by
the newer CPC technology class system in 2013).
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In the second step, our key variable of interest, the technology similarity between the borrower
firm i and the bank b’s recent borrowers is the average pairwise similarity:5

Technology Similarityibt = 1
N

N∑
j=1

Pairwise Technology Similarityijtτ (2.2)

where N is the total number of the loans that bank b serves as the lead bank in the five-years
leading up to time t. Note that we do not exclude the borrowing firm from the sample of the
bank’s recent borrowers because a firm’s technology profile varies over time, i.e., we allow Tit

and Tjτ in Equation 2.1 to represent the patent portfolio of the same firm at different times. To
a certain extent, this could cause a mechanical correlation between technology similarity and
relationship lending should the firm’s technology profile be stable over time. However, there
are two reasons why it is less of a concern. First, the technology profile of a firm changes
as measured by recently granted patents, and lending banks still face increased screening and
monitoring costs if the same borrower experience a change in its technology profile. Second,
our measure is averaged across all pairs of recent borrowers and the focal firm. As long as the
bank lends to more than one firm in the past five years, the concern of a mechanical correlation
between technology similarity and relationship lending due to the inclusion of the focal firm in
the group of recent borrowers is mitigated.6

Our technology similarity measure differs from the well-known technology spillover measure
(Bloom et al., 2013; Qiu & Wan, 2015) which captures a firm’s technology similarity to the
whole economy. Our measure also differs from firm-level technological obsolescence measure by
Ma (2021) based on patent citations. While a firm may have highly-valued frontier technologies,
they are not necessary familiar to the bank. As discussed earlier, we calculate a borrower
technology similarity measure specific to each bank-borrower pair at loan origination to capture
each bank’s time-varying technological expertise on a specific borrower. In the later section of
robustness tests, we present and discuss alternative constructs of technology similarity measure.

2.3.2 Sample and summary statistics

We collect the patent data from the United States Patent and Trademark Office (USPTO) for
the period from 1985 to 2020. We use a five-year window for computing technology similarity. To
match patent assignee names to Compustat firms, we rely on the Kogan et al. (2017) (KPSS)
linking map. We further cross-check the linkage using other mappings such as Stoffman et

5All our results are robust to the alternative use of technology similarity weighted by loan amount.
6Further, we control for past lending relationships, following the relationship lending literature (Bharath et al.,

2011), in our regression analysis. Our results are robust to the use of a 3-year or 5-year relationship window and
to alternative relationship strength measures based on the prior number of loans or total loan amount.
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al. (2020).7 Our final sample of patents matched with the Center for Research in Security
Prices (CRSP)/Compustat firms consists of 2,331,801 unique observations. Notably, we use the
patent grant date when identifying a firm’s patent portfolio.8 We obtain patents’ technology
class classification data directly from the USPTO PatentsView, which regularly updates patent
information including classifications, inventors, and organizations.9 Prior studies have relied
on the United States Patent Classification (USPC) made available by the USPTO (e.g., Bloom
et al., 2013; Byun et al., 2021; Hsu et al., 2014; Lee et al., 2019; Qiu & Wan, 2015). However,
since the USPTO officially moved to the Cooperative Patent Classification (CPC) system on
January 1, 2013, most studies are based on limited sample periods up to 2012. We use the CPC
classification to incorporate more recent patent information enabling the expanded identification
of 660 technology classes.10

Our bank loan sample is sourced from the Thomson Reuters Loan Pricing Corporation (LPC)
DealScan database for the same sample period. Specifically, we include all U.S. dollar-denominated
loan facilities to U.S. borrowers that can be linked to Compustat using the DealScan-Compustat
link table by Chava and Roberts (2008). We use Schwert (2018)’s updated DealScan lender link
table to obtain the lender’s Compustat identification. We remove utility and financial firms
and loans with missing observations on all-in-drawn spread, loan maturity, loan amount, and
other necessary loan information. Following Ivashina (2009), a bank in the loan syndicate is
classified as the lead bank if it is the administrative agent (if defined), or if it acts as the agent,
arranger, bookrunner, lead arranger, lead bank, or lead manager. If a loan has multiple lead
banks identified, we assign the one with the highest technology similarity as the lead bank.11

We collect borrower firms’ financial information from Compustat, industry-specific sales data
from Compustat Segment, and market data from CRSP. We obtain lender banks’ information
from Compustat Bank.

7Several firm-patent mapping tables are available. For example, the National Bureau of Economic Research
(NBER) patent database by Hall et al. (2001) is used in He and Tian (2013) and Tian and Wang (2014), but ends
in 2005. Kogan et al. (2017) (KPSS) provide an updated mapping table to 2020, which is another well-known
concordance file. Stoffman et al. (2020) (SWY) publish a similar linkage dataset updated to 2020. Given the
challenge of fuzzy matching patent assignee names and firm names, we rely on the KPSS dataset primarily and
use SWY as a cross-validation and to fill missing mappings wherever possible to ensure maximum accuracy.

8The American Inventor Protection Act (AIPA) enacted in 1999 mandates that patent information becomes
public at either grant date or 18 months after the patent application date, which significantly affects the banking
relationship of innovative firms (Saidi & Žaldokas, 2021). Nevertheless, Lee et al. (2019) argue that a significant
proportion of patents might eventually fail to be issued, resulting in actually no innovation outputs for firms.
Lee et al. (2019) suggest that using patent grant date would be a conservative choice to assess firm technology
profiles.

9See, https://www.uspto.gov/ip-policy/economic-research/patentsview.
10We identify 660 technology classes similar to McLemore et al. (2022) who identify 642 technology classes.

The difference is due to new classifications added by the CPC over time, which does not have any material impact
on the technology similarity measure.

11Bharath et al. (2011) use a similar approach. In studying the lending relationship and loan contract terms,
they choose from the multiple lead banks the one that yields the strongest lending relationship with the borrower
and assign it to the loan.

https://www.uspto.gov/ip-policy/economic-research/patentsview


Borrower Technology Similarity and Bank Loan Contracting 31

Our final sample consists of 36,166 loan facilities originated by 110 bank holding companies
(banks, hereafter) identified by Compustat Bank to 5,522 distinct firms from 1990 to 2020.12

Given that technology similarity may correlate with product market competition, we control for
borrowers’ product market rivalry measured by Hoberg and Phillips (2016) and Hoberg et al.
(2014). Additionally, we control for product market similarity using a segment similarity mea-
sure as in Bereskin et al. (2023) and Bloom et al. (2013), defined as 1

N

∑N
j=1

(SitS′
jτ )

(SitS′
it)0.5(Sjτ S′

jτ )0.5 ,
where Sit is the vector of firm i’s proportions of sales in each industry segment and other sym-
bols follow previous notations in Equation 2.1. To an extent, this segment similarity measure
also captures the contribution of the borrower to the bank’s loan portfolio industry segment
concentration. For other borrower characteristics, we include borrower size, leverage, cash hold-
ing, profitability, market-to-book ratio, Altman Z-score, and a dummy variable for whether the
borrower has a credit rating (e.g. Bharath et al., 2011; Carvalho et al., 2023; Hasan et al., 2014).
We control for the relationship lending as in Bharath et al. (2011). For bank loan characteristics,
we include the loan size, maturity, and a dummy variable for whether the loan is secured. The
merged sample requires all firm, loan, and bank characteristics to be non-missing. Table 2.1
reports the summary statistics. Definitions of the variables and data sources are provided in
Table 2.A1 in the Appendix. We winsorize all continuous variables used in the analyses by year
at the 1st and 99th percentiles.

[Insert Table 2.1 about here]

Table 2.1 reports the summary statistics of our sample. Our key variable, technology similar-
ity, ranges from 0 to 1 by construction, with a value of 0 indicating no similarity and 1 the
same technology profile. The technology similarity in our sample has a mean of 3.9% and a
standard deviation of 6%, with a skewed distribution due to most borrowers sharing no similar
technologies. The distribution statistics of our technology similarity measure are comparable to
Bereskin et al. (2023), who document a mean of 4.3% and a standard deviation of 11% using
a firm-by-firm pairwise sample. The segment similarity variable exhibits a relatively similar
distribution to technology similarity with a mean (median) of 6.3% (5.2%). This is consistent
with prior studies documenting that the scale of technology similarity and segment similarity
should be consistent (Bloom et al., 2013).

The key dependent variable is the cost of bank loans measured by the all-in-drawn loan spreads.
The mean (median) of loan spreads is 205.31 bps. The average (median) loan size is $425.14
(166) million U.S. dollars. The average (median) maturity is 48.19 (60.00) months. The loan
characteristics are consistent with prior literature (e.g. Campello & Gao, 2017; Carvalho et

12We aggregate 533 unique lenders from DealScan to 110 bank holding companies. The DealScan database
starts from 1984. We restrict our sample period to match the product market competition data from Hoberg
et al. (2014) and Hoberg and Phillips (2016). Nevertheless, our results are robust if our sample starts from 1984,
removing Hoberg and Phillips (2016) product market competition measures.
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al., 2023; Hasan et al., 2014; Hollander & Verriest, 2016). For example, Campello and Gao
(2017) reports average (median) loan spreads of 179.16 (175.00) bps and average (median) loan
maturity of 46 (48) months. Hasan et al. (2014) reports average (median) loan spreads of 167
(150) bps and average (median) loan size $487 (150) million U.S. dollars.

In terms of borrower characteristics, the summary statistics show that we have selected a com-
parable sample of borrowers to those examined in the literature. For example, the average
borrower firm has a book value of total assets of $6.566 billion dollars in our sample. The
average (median) natural logarithm of the total asset size of borrowers in our sample is 7.074
(7.101), and the average (median) leverage ratio is 0.314 (0.297). Similarly, Carvalho et al.
(2023) reports the mean (median) borrower size of 8.04 (7.99) and the mean (median) borrower
leverage of 0.37 (0.32). Our bank characteristics are also comparable to previous studies (e.g.
Acharya & Mora, 2015; Schwert, 2018).

2.4 Main results

2.4.1 Baseline model and results

Our first hypothesis postulates that banks charge lower loan spreads for borrowing firms with
a higher technology similarity with the banks’ prior borrowers due to cost savings from accu-
mulated technology knowledge. To empirically test whether bank’s technology knowledge of a
borrower, measured by the borrowers’ technology similarity with the bank’s prior borrowers at
loan origination, reduces loan costs, we start by estimating the following baseline regression:

ln(Loan Spreadi,l,t) = β1Technology Similarityi,l,t + β2Xi,t−1 + β3Γl,t

+ Fixed Effects + εi,l,t

(2.3)

where Loan Spreadi,l,t is the all-in-drawn spread of loan l for the firm i at year t. Xi,t−1

represents the vector of borrower firm characteristics as at year t − 1 and Γl,t the vector of
loan characteristics. Specifically, for borrower characteristics, we control for firm size, leverage,
credit risk measured by the Altman Z-score, profitability, market-to-book ratio, cash holding,
and whether the borrower has received a credit rating. For loan characteristics, we control
for loan size, maturity, and whether it is secured. We control for the bank-borrower prior
lending relationships following (Bharath et al., 2011), as relationship lending can also reduce
the screening and monitoring costs and hence lower loan spreads. We include borrower industry
times year fixed effects to capture unobservable time-varying borrower industry heterogeneity,
given that technology innovation and adoption could pertain to industry sectors and possibly
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cluster by time.13 Additionally, we control for bank fixed effects, loan type fixed effects, and
loan purpose fixed effects. Heteroskedasticity-robust standard errors are clustered by borrower
firm.14

[Insert Table 2.2 about here]

Table 2.2 presents the results for our baseline model. Consistent with our Hypothesis 1, we find
that loans to borrowers with a higher technology similarity with the bank’s prior borrowers have
lower spreads. Specifically, column (1) shows that our borrower technology similarity measure
is negatively associated with loan spreads and is statistically significant at the 1% level. A one-
standard-deviation increase in the borrower technology similarity reduces the loan spread by 4
bps.15 Economically, given a sample mean loan size of $425 million, it translates to a sizable
annual loan cost saving of $170,000.

Next, we perform several robustness checks and report results in columns (2) to (8) of Table 2.2.
Our first check concerns the concentration of the bank’s loan portfolio. Given that firms shar-
ing similar technologies may operate in similar industry segments, we control for the segment
similarity of the borrower and the bank’s prior borrowers in column (2). A higher segment
similarity indicates a larger overlap of the business lines of the borrowing firm and the bank’s
existing borrowers. It captures the bank’s industry specialization to some extent, but primarily
implies potentially higher industry concentration for the bank’s loan portfolio. We empirically
find that such higher portfolio concentration is positively associated with loan spreads. The neg-
ative relationship between borrower technology similarity and loan spreads, however, remains
statistically significant at the 1% level after controlling for segment similarity.

Second, firms sharing similar technologies may lead to greater product market competition,
which is expected to cause larger loan spreads (see, e.g. Campello & Gao, 2017; Croci et al.,
2021; Hasan et al., 2020, 2021).16 To account for such a possibility, we control for borrower
product market rivalry using three different measures from Hoberg and Phillips (2016) and
report results in columns (3) to (5) in Table 2.2. We find that, as expected, a higher product
market HHI indicating less competition is negatively related to borrower loan spreads, and a
larger product market similarity or fluidity is positively related to loan spreads. In all cases,
borrower technology similarity remains negatively and significantly associated with loan spreads
with similar-sized coefficient estimates as the baseline.

13We use the two-digit SIC codes to identify borrower industry and our results are robust to the use of alternative
industry classifications such as four-digit SIC codes.

14Alternatively, our results are robust to clustering standard errors by bank or by borrower industry.
15The borrower technology similarity has a sample standard deviation of 0.06 and an estimated coefficient of

-0.38 in our baseline model. Since the sample mean value of the natural logarithm of loan spread is 5.066, the
reduction in loan spread is e5.066 − e5.066−0.38×0.06 ≈ 4 bps.

16However, we note that a higher technology similarity between two firms does not necessarily imply stronger
direct competition. More importantly, even if technology similarity results in increased market competition, we
should expect that the borrower firm faces higher bank loan costs. Therefore, it can only lead to bias against us
finding a negative association between technology similarity and loan spreads.
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Third, we consider the effect of borrower technology value on loan spreads. A borrower with
higher technology value may receive favorable loan spreads regardless of its technology similarity
with bank’s prior borrowers. If technology similarity is then correlated with the firm’s technology
value,17 our baseline model would suffer from omitted variable bias. As such, in columns (6)
to (8) of Table 2.2, we control for the borrower’s patent value and patent stock, as well as
segment similarity and the three product market competition proxies, respectively. We find
that in these most conservative specifications, our baseline result on the negative association
between borrower technology similarity and loan spreads remains qualitatively unchanged. The
robust effect of technology similarity in reducing loan costs suggests that technology similarity
contains information beyond bank loan portfolio concentration, borrower firm competition, and
technology value.18

2.4.2 Bank industry specialization

Because firms from different industries can share similar technologies, banks’ technology knowl-
edge accumulated from past lending transcends industry boundaries. However, we cannot rule
out completely an overlap of technology expertise with industry specialization. In the baseline
results, we partially address the concern by controlling for borrower segment similarity. A higher
segment similarity indicates a larger overlap of the business lines of the borrower and the bank’s
existing borrowers, so that the bank may better leverage its industry specialization. We find
that our results are robust to controlling for segment similarity.

To rule out the possibility that bank industry specialization drives our results, we repeat all of
the above regressions but include the lender times industry times year fixed effects, which allow
for time-varying bank industry specialization. Table 2.3 presents the results. We continue to find
a negative and statistically significant relationship between borrower technology similarity and
loan spreads across all model specifications. Moreover, the sizes of the estimated coefficients of
technology similarity are even larger than in the baseline results. Therefore, bank specialization
does not drive our results and bank technology expertise contains information beyond industry
specialization. Given that including lender times industry times year fixed effects reduces our
sample size, we focus on our baseline model specification in the following analyses, but we note
that all of our results are robust to controlling for bank industry specialization.

[Insert Table 2.3 about here]
17For example, this correlation may happen when a bank has a strong preference for borrowers with high-value

(or low-value) technologies in certain technology classes. We control for lender fixed effects throughout, which to
some extent mitigates the concern.

18In Table 2.A2 in the Appendix, we repeat all of the above regressions but replace the dependent variable
all-in-drawn spreads with the natural logarithm of total loan costs from Berg et al. (2016). The use of total loan
costs includes the various fees specific to each loan facility but reduces our sample size due to data availability.
Nevertheless, we find again a robust negative association between borrower technology similarity and loan costs,
statistically significant at the 1% level across all model specifications.
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In addition, we consider alternative industry classifications to further corroborate our results,
including the Fama-French 48 industry classification and Hoberg and Phillips (2016) 10-K text-
based 100 industries classification. Table 2.A3 in the Appendix shows that our results are
robust to alternative industry classifications with and without controlling for bank industry
specialization via lender times industry times year fixed effects. As such, we are confident that
our results are robust to industry definition and that bank industry specialization does not drive
our results.

2.4.3 Alternative construct of technology similarity

So far, our measure of bank technology knowledge of the borrower at loan origination is con-
structed by averaging the pairwise similarities of the borrower with each of the bank’s prior
borrowers. This method leads to a concern that we may accidentally introduce an attenuation
bias. For example, a bank can have a strong technology knowledge of both biotechnology and
semiconductor since it has existing borrowers that are respectively pure-play firms in biotech-
nology and semiconductor. Therefore, the bank should be well positioned in screening a new
borrower that works in the intersection of biotechnology and semiconductor. However, the av-
eraging of pairwise similarities could indicate that there is only limited overlap with existing
borrowers, thus underestimating the bank’s knowledge of the new borrower’s technology.

To address this concern, we construct an alternative technology similarity measure. We first
aggregate all of bank’s prior borrowers as if they were one and build a portfolio of all patents of
this “single” past borrower. We then compute the pairwise technology similarity between the
new borrower and this technology portfolio aggregating all recent borrowers’ patents.

This alternative measure allows the bank’s technology knowledge learned from prior borrowers
to be complementary and additive. As in the baseline, we use a 5-year window to construct the
aggregate patent portfolio. Table 2.A4 in the Appendix shows that our baseline results remain
qualitatively unchanged. We note that the estimated coefficients of the alternative technology
similarity measure are smaller in size than in the baseline. This, however, does not suggest that
our baseline method is free of attenuation bias given that the alternative measure is a non-linear
transformation. In Table 2.A5 in the Appendix, we include lender times industry times year
fixed effects and continue to find a negative and statistically significant relation between the
alternative technology similarity measure and loan spreads across all model specifications.

On the other hand, both our baseline and the portfolio aggregation methods may still under-
estimate the bank’s technology knowledge of the borrower, especially when the bank lends to
many firms of different technologies in the past. In an extreme case, if the bank’s past bor-
rowers collectively own all technology classes, both methods will show a low level of technology
similarity when the new borrower uses a small subset of technologies. To address this concern,
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we construct another alternative measure of borrower technology similarity that is the maxi-
mum pairwise similarity of the borrowing firm and the bank’s past borrowers. We exclude the
current borrowing firm from past borrowers because it creates a mechanical maximum pairwise
similarity. Table 2.A6 in the Appendix shows that, controlling for time-varying bank industry
specialization, the relationship between the alternative measure based on maximum pairwise
similarity and loan spreads remain negative and statistically significant across all model speci-
fications.

2.4.4 Firm innovation, bank expertise, and relationship lending

Further, variations in technological similarity can come from both banks having no expertise and
firms having no technology. Specifically, a technology similarity measure of zero can be result
of either 1) the borrowing firm has patents, but these patents are dissimilar to the experience
set of the bank (no technology expertise), or 2) the borrowing firm has no patents (no firm
innovation). Given that the median technology similarity is zero in our sample, it is important
to disentangle these two channels. We investigate the issue by removing borrowers without
patents. As reported in Table 2.A7 in the Appendix, we continue to find a negative relationship
(albeit weaker) between borrower technology similarity and loan spreads. This result suggests
that our results are not driven by the second channel.

In addition, to address the concern that technology similarity may be higher when the bank
has fewer recent borrowers and when the focal borrower is a major prior borrower, we perform
two sub-sample analyses in Table 2.A8 in the Appendix. In columns (1) to (4), we remove the
loans originated by the banks whose numbers of recent borrowers are in the bottom quartile.
In columns (5) to (8), we remove the loans where the borrower is a major prior borrower of
the bank defined by its loan amount in the top quartile. In both cases, we continue to find
a negative association between borrower technology similarity and loan spreads, statistically
significant at the 1% level.

2.4.5 Patent value and citation

Next, the vast majority of patents granted may be relatively marginal, and only a small subset
significantly impacts a firm’s future performance or ability to repay loans. Our technology
similarity measure, however, does not differentiate patents by their importance and assumes that
the bank equally learns from all borrowers’ patents. To address this concern, we re-construct
the technology similarity measures using only the patents with above-median economic value
(Kogan et al., 2017) within their technology class-year group. As shown in Table 2.A9 in the
Appendix, we continue to find a negative and significant association between loan spreads and
the refined borrower technology similarity measure. Moreover, the estimated coefficients of the
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refined measure across all specifications have larger sizes than the original measure in baseline
model. Table 2.A10 in the Appendix reveals a similar pattern when we use patent citations to
identify valuable patents.

The fact that the technology similarity effect strengthens when focusing on valuable and influ-
ential patents suggests that banks are developing genuine technological expertise, particularly
when evaluating complex, important innovations - exactly where we expect bank technological
specialization to be most valuable for reducing information asymmetry. These results demon-
strate that our technology similarity measure is capturing economically meaningful relationships
rather than spurious correlations.

2.4.6 Non-bank lenders

Another remaining concern is that the lead bank may involve non-bank lenders of specialized
technology knowledge in the syndicate. As a result, the participation of non-bank lenders may
correlate with the borrower’s technology profile and with our measure of the bank’s knowledge
of the borrower’s technology. To address this concern, we additionally control for the participa-
tion of non-bank lenders in our baseline regression. Specifically, we identify bank lenders as the
commercial banks, classified by DealScan as “African bank”, “Asia-Pacific bank”, “Eastern Eu-
ropean/Russian bank”, “foreign bank”, “Middle Eastern bank”, “mortgage bank”, “thrift/S&L”,
“US bank” or “Western European bank”. Next, we make several corrections based on the lender’s
primary SIC code. We classify a lender with a SIC code 6211 (“Security brokers, dealers, and
flotation companies”), which is labelled as commercial banks by DealScan, as a non-bank lender.
For the lenders with missing institution type, they are classified as bank lenders if their SIC
code starts with 60 (depository institutions). After these steps, for a few lenders classified as a
bank but have a non-missing SIC code that does not start with 6, we classify them as non-bank
lenders. Finally, all other lenders are classified as non-banks. For each loan, the participation of
non-bank lenders is measured as the ratio of the number of non-bank lenders to the number of
all lenders. As shown in Table 2.A11 in the Appendix, we find that the coefficient of non-bank
lenders participation is positively associated with loan spreads and statistically significant at
the 1% level across all specifications. More importantly, however, the negative and significant
relation between loan spreads and borrower technology similarity remains largely unchanged
after controlling for the participation of non-bank lenders in the loan syndicate.

2.4.7 Placebo test

Lastly, we conduct a placebo test on whether interest rates are lower on borrowers who have
similar technology to future borrowers. If our conjecture is correct, then there should be no
relationship between a borrowing firm’s technology similarity with the bank’s future borrowers
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and the spreads of current loans. Specifically, at each loan’s origination (time t), we compute the
technology similarity of the borrowing firm and the bank’s future borrowers from five years to
ten years after loan origination (t+6 to t+10) so that there is no time overlap of when counting
patent classes of the current and future borrowers (we use a five-year window to capture a firm’s
technology profile). Table 2.A12 in the Appendix replicates the baseline model using the placebo
technology similarity. As expected, we find no significant relationship between the placebo
measure and loan spreads across all specifications. This placebo test lends further support to
our findings that banks accumulate technology knowledge from past lending activities, which
helps reducing loan costs for future borrowers sharing similar technologies.

2.4.8 Bank performance

Our empirical results document a robust effect of banks charging lower loan spreads for bor-
rowing firms with a higher technology similarity with the banks’ prior borrowers. This is likely
due to cost savings in bank screening and monitoring from accumulated technology knowledge.
We now examine whether such specialization in technology affects bank future performance.
First, we construct a bank-year panel of the average borrower technology similarity of the loans
lead arranged by the bank. Specifically, we aggregate loan-level borrower technology similarity
to the bank-level using the loan-size-weighted average. This measure captures a bank’s tech-
nology knowledge relevant in loan contracting in a year.19 We then regress bank future ROA
and distance to default on bank technology knowledge, controlling for bank size, total loans,
non-deposit leverage, deposits and capital. We include year fixed effects and bank fixed effects,
and cluster standard errors at the bank level.

[Insert Table 2.4 about here]

Table 2.4 shows that when banks lend more to borrowers sharing similar technologies with
their prior borrowers, they have higher future ROA (for at least five years in the future) and
larger distance to default (for up to four years in the future). These results suggest that bank
specialization in technologies is positively associated with bank future performance, which also
lends support to banks rationally charging lower loan spreads for borrowers sharing similar
technologies with banks’ prior borrowers. Nevertheless, we formally investigate the economic
mechanisms in the next section.

19If a bank does not lead arrange any loan in a year, its technology knowledge for the year is missing. We do not
forward fill missing values with the last available value because it would require the assumption of a depreciation
rate and that our bank-year measure is technically not a stock measure.
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2.5 Economic mechanisms

We now move on to study economic mechanisms underlying the negative effect of borrower
technology similarity and loan costs. We start by showing that the technology similarity between
a borrower and the bank’s prior borrowers is informative about the borrower’s creditworthiness.
We then discuss the empirical challenges for identification and present our solutions based on
structural matching model and difference-in-differences estimation.

2.5.1 The information content of technology similarity

In the screening process, why should a bank care about a borrower’s technology similarity
with the bank’s prior borrowers? Extant studies have documented a vector of factors, beyond
borrower fundamentals, from lending specialization, product market competition, supply chain
relationship, innovation outputs to other soft information such as tax avoidance, stock price
fragility and so on (e.g. Campello & Gao, 2017; Chava et al., 2017; Hasan et al., 2014, 2021).
The literature also highlights the importance of firms’ technology profiles on future performance
(e.g. Kogan et al., 2017; Manso, 2011). We argue that the technology similarity facilitates the
bank to acquire opaque information from the borrower at reduced costs given its accumulated
knowledge of prior borrowers’ technology.

We empirically study the information content of a borrower’s technology similarity with the
bank’s prior borrowers by studying the explanatory power of such technology similarity on the
borrower’s fundamentals and credit risks. Specifically, we regress the absolute difference in the
borrowing firm’s and the bank’s prior borrowers’ creditworthiness measures on their technology
similarity, controlling for their segment similarity and a range of absolute differences in other
firms’ characteristics. Heteroskedasticity-robust standard errors are clustered at the borrower
firm level.20

Table 2.A16 in the Appendix shows that a higher technology similarity is negatively associated
with the absolute difference in borrowers’ Altman Z-score, Merton (1974) default probability,
profitability and cash holdings, all significant at the 1% level. These results imply that borrowers
with similar technology profiles exhibit similar levels of creditworthiness and their capacities to
service debt are relatively equal. Moreover, in Table 2.A17 in the Appendix, we find that a
higher technology similarity predicts smaller absolute differences in borrowers’ Altman Z-score,
Merton (1974) default probability, profitability and cash holdings in the next five years. The
empirical evidence is consistent to there being valuable information content embedded in the
borrowers’ overlapping technology capabilities and that this is relevant information for assessing
the borrower’s credit risk given the bank’s knowledge of the prior borrowers’ creditworthiness.

20Alternatively, our results are robust to clustering standard errors by bank or by borrower industry.
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2.5.2 Identification challenges and structural matching model

Given that technology similarity is informative about firm creditworthiness, a bank could poten-
tially save on credit risk assessment costs when screening a borrower sharing similar technologies
with the bank’s prior borrowers. We find, in our baseline results, that banks pass on at least
part of such savings to the borrower. However, an exact identification is challenging for two
reasons. First, an exogenous shock to the observed borrower technology similarity is unlikely.
Because our measure of technology similarity is based on the borrowing firm’s technology pro-
file and that of the bank’s prior borrowers, an ideal shock can only affect the borrowing firm’s
technology profile – extant borrowers’ technology profiles are historical and cannot be affected,
which then implies that the lending bank cannot be changed. Therefore, a candidate shock
is one that exogenously alters the borrowing firm’s technology profile and does not cause the
firm to switch bank. We as econometricians, however, cannot know whether a bank-borrower
matching formation and termination is a result of switching or other factors such as the firm’s
capital requirement. On the other hand, a changed technology profile is likely associated with
significant changes in the borrower’s business strategies and other fundamental aspects. Hence,
a shock to the borrowing firm’s technology profile more or less has impacts on other firm char-
acteristics, thereby affecting bank loan contracting. Simply put, it is challenging to employ
traditional identification strategies. For example, to the best of our knowledge, prior studies
like Lee et al. (2019), McLemore et al. (2022), and Bereskin et al. (2023) encounter similar
identification challenges.

To address the identification challenges, we first employ a structural bank-borrower match-
ing model similar to Fox (2017, 2018) and Schwert (2018) to show that technology similarity
plays a positive role in bank’s value maximization. The details of the model are presented
in Section A.1 in the Appendix. The structural matching model allows us to identify drivers
of bank-borrower matching assignments in the absence of unobservable non-matching assign-
ments.21 Specifically, both banks and firms in our model maximize their respective value. A
loan contract contains transfer payments (e.g., interests and fees). Because we do not have data
on the unobservable counterfactual loans, we derive an inequality condition for simultaneous
value maximization without the transfer payment component. Assuming that observed actual
bank-borrower matches (i.e., loans) yield higher value than unobservable counterfactual loans,
we perform a semi-parametric estimation for the loan determinants at the bank-borrower level
(Schwert, 2018). Our results suggest that the total economic surplus for banks and borrowers
can be enhanced by matching banks to borrowers whose technology profiles are similar to that of
the banks’ prior borrowers. Lower loan spreads for borrowers sharing similar technology profiles
with the banks’ prior borrowers are economically optimal for both banks and borrowers.

21We can observe only the loans that have been originated, not the potential loans that could have been
originated if borrowers chose different lenders.
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2.5.3 Difference-in-differences results

As discussed previously, it is empirically challenging to find an exogenous shock to the technol-
ogy similarity measure between a bank’s new borrower and the bank’s prior borrowers. However,
if reduced information asymmetry and increased efficiency in screening and monitoring due to
bank’s accumulated technology knowledge are the mechanisms underlying the negative rela-
tionship between borrower technology similarity and loan spreads, we may alternatively exploit
exogenous shocks to the stock of bank’s technology knowledge using difference-in-differences
(DiD) estimations, such as bank mergers and acquisitions (M&As). Bank M&As arguably in-
crease acquirer banks’ stock of accumulated technology knowledge, but do not affect their extant
borrowers’ creditworthiness and fundamentals. New borrowers of the acquirer bank (or the con-
solidated bank) after a M&A may confound our identification as their matching with the bank
can be a result of endogenous selection. We therefore expect that after a bank M&A, extant
borrowers of the acquirer bank will receive cheaper loans due to the exogenous positive shock
on the bank’s technology knowledge, compared to borrowers of other banks (without M&As).

Specifically, we start with a sample of 285 bank M&A deals from 1987 to 2019 from the updated
DealScan lender link table by Schwert (2018). These M&As involve acquirer and/or target banks
in the syndicated loan market and may provide acquirer banks better opportunities to improve
efficiency via absorbing target banks’ accumulated knowledge in assessing borrowers’ technology
profiles (Sapienza, 2002). We then filter out 12 bank-year M&A events as our shocks.22 For
each bank-year M&A event, we construct a cohort of treated banks and control banks with a
five-year event window starting from two years before to two years after the event year. In
each cohort, the treated bank is the bank that made one or more M&As in the event year, and
control banks are those banks that have no M&A deals in the entire event window. If a bank
has made a M&A deal, it is removed from all later cohorts as a control bank. Control banks in
each cohort are the top-ten comparable banks selected using propensity score matching based
on their bank size, non-deposit leverage, deposit ratio, ROA, total loans, and loan-to-deposit
shortfall. Table 2.A14 in the Appendix verifies that our control banks and treated banks are
comparable after the matching. Using the sample of loans made by the treated banks to their
extant borrowers, we then estimate the following DiD model:

ln(Loan Spreadm,i,l,c) =β1Postt,c × Treatedm,i,l,c + β2Postt,c + β3Treatedm,i,l,c

+ β4Γi,l,c + Fixed Effects + εm,i,l,c

(2.4)

22We identify 31 unique acquirers (or the surviving entities after mergers) in the M&A deals by GVKEY in
the updated DealScan lender link table by Schwert (2018). If a bank makes multiple M&A deals in a year, we
collapse them into one event. Of the resulting 42 acquirer-year events, we keep 26 events by removing acquisitions
by the same acquirer within any two consecutive years to avoid overlapping event windows. We further remove 3
acquisitions before the start of our sample period. Lastly, we drop the bank-year M&A events where the acquirer
banks have no observations in Compustat Bank or loans in DealScan for the years either before or after the event
year, Table 2.A13 in the Appendix lists the 12 bank-year M&A events and associated M&A deals.
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where Treatedm,i,l,c is a dummy variable that equals to one, and zero otherwise, if loan l’s lead
bank m is the treated bank in cohort c. Postt,c is a dummy variable that equals one (zero) if year
t in cohort c is after (before) the event year. Γi,l,t represents loan and borrower characteristics
as in the baseline. We include loan type and loan purpose fixed effects, borrower industry fixed
effects and lender fixed effects. Heteoskedasticity-robust standard errors are double clustered
at the bank and year levels.23

[Insert Table 2.5 about here]

Table 2.5 shows that the coefficient estimates of the interaction term, Post×Treated, are negative
and statistically significant at the 5% level at least across all specifications, controlling for seg-
ment similarity, product market rivalry, patent stock, and patent value. Moreover, Table 2.A15
in the Appendix reports the results of a dynamic DiD model, where we replace the Post dummy
variable in Equation 2.4 with the indicator variable Dc,τ (τ = −1, 0, 1, 2) that equals one if the
loan is issued τ years after the event year in cohort c and zero otherwise. We confirm that
the treatment effect occurs only in the year(s) after the event year, as shown in Figure 2.A2 in
the Appendix. These results are consistent with our expectation that, as acquirer banks obtain
the accumulated technology knowledge from target banks after a M&A, the increased stock of
technology knowledge allows the banks to improve their screening and monitoring on borrowers’
technology profiles, leading to reduced loan spreads.24

However, we acknowledge that bank M&As could occur for many reasons and affect more than
the stock of acquirer banks’ stock of technology knowledge. To partly mitigate this concern,
columns (3) and (4) of Table 2.5 report the results using alternative cohorts of bank M&As
where acquirer banks learned technology knowledge from target banks. We take steps to con-
struct these cohorts. First, for each loan issued by an acquirer (treated) bank in the two years
after the M&A, we compute the counterfactual technology similarity between the borrower and
the target bank at the time of M&A. This counterfactual technology similarity captures the
target bank’s knowledge of the acquirer bank’s future borrower. Further, if such counterfac-
tual technology similarity (between the target bank and the borrower after M&A) is higher
than factual technology similarity (between the acquirer bank and the borrower after M&A),
we consider the acquirer bank as potentially having learned technology knowledge. Intuitively,
the target bank is more familiar with the borrower’s technologies than the acquirer bank. As
such, the acquirer bank should have accumulated larger stock of technology knowledge of the
borrower after M&A. Finally, we restrict to only cohorts of bank M&As where on average the
acquirer banks have learned technology knowledge. We find that our DiD results remain largely
unchanged. Interestingly, the mild reduction in the number of loans implies that most acquirer

23Our results are robust to clustering standard errors at the borrower level.
24Our results are also consistent with Erel (2011) that bank mergers decrease loan spreads when gains from

cost savings outweigh the increase of bank market power.
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banks potentially learned technology knowledge from target banks. Overall, our results suggest
that the documented negative relation between borrower technology similarity and loan costs
is likely causal.

2.6 Further results

Given that banks’ technological expertise reduces loan spreads by mitigating information asym-
metry and adverse selection, in this section, we conduct further tests to investigate the hetero-
geneous effect of borrower technology similarity under conditions that require varying levels of
bank screening and monitoring, and that yield differing benefits to banks.

2.6.1 Borrower technological obsolescence

First, from a borrower’s perspective, firms are technologically more opaque when their tech-
nologies are cutting-edge. Advanced technologies require greater screening efforts from banks
because they can be harder to comprehend and may be of higher value. In this case, banks’
accumulated knowledge from previous lending to firms sharing similar technologies plays a more
important role in reducing information asymmetry and screening costs.

We calculate borrowers’ technological obsolescence as in Ma (2021). Following Ma (2021), the
technology base for a firm i in year t is predetermined as all other firms’ patents cited by firm
i up to year t − ω. The technological obsolescence of firm i in year t is then calculated as the
negative of the log difference in the external citations of the firm’s technology base in year t

and in year t − ω. Our estimates are comparable to that in Ma (2021).25 But to minimise
the impact of measurement error, we calculate two proxies. The first is a dummy variable that
takes the value of 1 if a borrower’s technological obsolescence is below the annual median, and
0 otherwise. The second is the annual decile rank of borrowers’ technological obsolescence. We
then interact each of the two proxies with borrower technology similarity in the baseline model.
Table 2.6 presents the results.

[Insert Table 2.6 about here]

Columns (1) and (2) of Table 2.6 show that the interaction term of borrower technology similarity
and low technological obsolescence dummy is negative and statistically significant, whether or
not we control for other known technology measures such as patent stock and patent value.

25In Ma (2021), a firm’s technology base includes a mean (median) of 2,001 (219) patents. In our calculation,
the mean (median) technology base is 2,223 (173). The technological obsolescence estimates have a mean of
12.9% (ω = 3) and 19.39% (ω = 5) in Ma (2021), and a mean of 11.3% (ω = 3) and 14.9% (ω = 5) in our
estimates. The discrepancies may be due to different filters applied on the sample.
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Moreover, we find that the coefficient estimates of technology similarity itself are no longer
significant, which suggests that banks’ technological expertise may only reduce loan spreads
when the borrowers’ technologies are not obsolete. In columns (3) and (4), we confirm that the
more obsolete a borrower’s technologies are, the lower the effect of technology similarity on loan
spreads. These results support our Hypothesis 2.

2.6.2 Borrower product disclosure

Second, borrowers are more opaque when they have less product disclosure. Cao et al. (2018)
validate that a firm’s product disclosure contains proprietary information about the firm using
interviews and behaviour surveys. Therefore, less product disclosure translates to greater firm
opacity and information asymmetry, demanding higher bank screening efforts. Because banks’
accumulated technological expertise should be more valuable in such cases, we expect the effect
of borrower technology similarity to be stronger for borrowers that have lower product disclosure.

Specifically, we collect all product-related announcements from the Capital IQ Key Develop-
ments database.26 As in Liu et al. (2024), we keep only press releases by firms via a newswire
or firms’ website, excluding news by third-party media. We then use textual analysis to iden-
tify product-related announcements into four categories: 1) new product launches, 2) product
updates, 3) progress toward new products, and 4) others. The classification is based on a list
of keywords for each category from Liu et al. (2024), similar to Cao et al. (2018).27 A product-
related announcement is classified into a category if it contains the highest keyword count for
that category. We measure a firm’s product disclosure as the total word count of all product-
related press releases in the past five years after removing common stop words. In addition, we
calculate an alternative measure based on the total word count of press releases related to the
new product launch category, because it represents the highest degree of information asymmetry.
In contrast, product updates and progresses may not have comparable technological opacity.
We interact the natural logarithm of the product disclosure words with borrower technology
similarity. Table 2.7 presents the results.

[Insert Table 2.7 about here]

Table 2.7 shows that the coefficient of borrower technology similarity remains negative and sta-
tistically significant across all specifications. However, columns (1) and (2) show that greater
product disclosure mitigates the negative association between loan spreads and borrower tech-
nology similarity, whether or not we control for borrower product market competition and its

26Capital IQ Key Developments starts in 2002, hence the reduction in loan numbers in Table 2.7. Product-
related announcements are identified using Key Development Type ID 41.

27The detailed list can be found in Liu et al. (2024). We use Python package “spacy” to expand the list to
include all variants and synonyms using the NLTK’s WordNet.
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contribution to the industry segment concentration of the bank’s portfolio. Using new product
launch, columns (3) and (4) document a similar mitigating effect. Consistent with our expec-
tation, these result show that banks’ technological expertise is more valuable when borrower is
more opaque with less product disclosure, lending further support to our Hypothesis 2.

2.6.3 Borrower riskiness

Apart from opacity, we expect borrower’s ex ante riskiness to affect bank’s willingness to pass
on the cost savings from technological expertise accumulated from past lending. To examine
such heterogeneity, we interact various borrower riskiness measures and borrower technology
similarity. Table 2.8 reports the results.

[Insert Table 2.8 about here]

In column (1) of Table 2.8, we interact the borrower creditworthiness measured by the Altman
Z-score and borrower technology similarity. We find that the negative and significant coefficient
of the interaction terms drives out the statistical significance of borrower technology similarity,
which continues to have a negative estimate. This result suggests that the documented negative
effect of borrower technology similarity on loan costs mainly comes from safer borrowers.28 In
column (2), we investigate borrower leverage and find that the coefficient of its interaction with
borrower technology similarity is positive and significant. This result shows that less-leveraged
borrowers are granted lower loan spreads than more-leveraged ones when they share similar
technology profiles with the bank’s extant borrowers. In column (3), we interact borrower
profitability and our technology similarity measure and find a negative and significant coeffi-
cient estimate of the interaction term, which drives out the statistical significance of technology
similarity. This implies that banks are more willing to reduce loan spreads for profitable bor-
rowers when they have a higher technology similarity with banks’ prior borrowers. These results
corroborate our Hypothesis 3.

2.6.4 Bank characteristics

From a bank’s perspective, our Hypothesis 4 conjectures that accumulated technological knowl-
edge should be more valuable for smaller, less-capitalized or low-liquidity banks. These banks
are relatively more constrained and may thus value more the cost savings from accumulated
knowledge from past lending. To test this, we include the relevant bank characteristics and
their interaction with technology in the baseline model.

28We find similar results using alternative borrower creditworthiness measures such as the borrower default
probability and whether the borrower has a credit rating.



Borrower Technology Similarity and Bank Loan Contracting 46

[Insert Table 2.9 about here]

Table 2.9 shows the heterogeneous effects of borrower technology similarity on bank loan spreads
from the bank’s perspective. Column (1) shows that borrower technology similarity remains neg-
atively and significantly associated with loan spreads after the inclusion of bank size and its
interaction with borrower technology similarity. The positive and significant coefficient of the
interaction term confirms that smaller banks cut loan spreads more than larger banks given a
higher borrower technology similarity. In column (2), we include the bank’s capital ratio and its
interaction with borrower technology similarity. We find that the negative and significant associ-
ation between borrower technology similarity and loan spreads remains qualitatively unchanged,
and is stronger for banks with a lower capital ratio. In column (3), we include bank (il)liquidity
measure, the loan-to-deposit shortfall (Acharya & Mora, 2015), and its interaction with bor-
rower technology similarity. We find that the interaction between bank loan-to-deposit shortfall
and borrower technology similarity is negative and statistically significant, which implies that
less liquid banks reduce loan spreads for borrowers with similar technology profiles compared to
prior borrowers. In summary, we show that it is the smaller, less-capitalized, or less-liquid banks
that tend to charge lower loan spreads for borrowers sharing a higher technology similarity with
their prior borrowers, supporting our Hypothesis 4.

2.6.5 Loan sales and bank business model

Lastly, banks do not always hold to maturity loans issued and frequently sell their loan shares
after origination. Blickle et al. (2022) show that only 3-4% of credit lines are sold, whereas
40-50% of term loans are sold. Within term loans, Term B loans are significantly more likely
to be sold than Term A loans. For loans originated to distribute, there is arguably reduced
screening and monitoring incentives. As a result, a bank’s accumulated technological expertise
may not be as important in loan pricing. We hence expect the effect of borrower technology
similarity to be muted for Term B loans.

To investigate this conjecture, we assume that banks accumulate and utilize technological ex-
pertise primarily through facilities they intend to hold and monitor, i.e., Term A loans and
credit lines (Revolver/Line ≥ 1 Yr., Revolver/Line < 1 Yr., 364-Day Facility). We then conduct
two tests using two loan samples. The first includes all loans while the second focuses on Term
B loans only, serving as a falsification test. Specifically, in the falsification test, technology simi-
larity is measured between the borrower of Term B loan and the bank’s prior borrowers of Term
A loans and credit lines. As shown in Table 2.10, we find strong results in the full sample similar
to the baseline. However, as expected, we find no significant relationship between technology
similarity and loan spreads in the falsification test using only Term B loans.
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[Insert Table 2.10 about here]

The absence of technological expertise’s impact on the price of Term B loans confirms that banks
accumulate and utilize technology expertise primarily through facilities they intend to hold and
monitor. With reduced screening and monitoring incentives, bank’s technological expertise no
longer reduce loan spreads because of reduced potential cost savings. These results further
corroborate our proposed economic mechanisms.

2.7 Conclusion

In this study, we empirically examine the impact of borrower technology similarity on the cost
of bank loans. We show that banks charge lower loan spreads for borrowers that share a similar
technology profile with the banks’ prior borrowers, likely due to the cost savings from the reduced
due diligence needed in assessing the borrowers’ technologies and implications for their credit
risk profiles. Such effect is robust to alternative constructs of borrower technology similarity,
controlling for the industry segment similarity between the borrower and prior borrowers which
affects the bank loan portfolio’s industry concentration, and controlling for the intensity of
product market competition faced by the borrower. Furthermore, the borrower’s technology
profile itself as measured by patent value and stock does not absorb the effect of its similarity
with the bank’s prior borrowers on loan costs, even after controlling for relationship lending.
We further rule out the possibility that bank industry specialization drives our results.

Despite the identification challenges, we show that borrower technology similarity is informative
about firm creditworthiness and debt service capability. We estimate a structural bank-borrower
matching model to show that borrower technology similarity is an important determinant in
bank lending decisions, which plays a positive role in the simultaneous value maximization of
both banks and borrowers. The total economic surplus for banks and borrowers can be enhanced
by matching banks to borrowers with a similar technology profile to the banks’ prior borrowers.
We then use difference-in-differences estimations to show that after exogenous positive shocks
to banks’ accumulated technology knowledge, banks reduce loan spreads to their borrowers.
Specifically, we find that smaller, less-capitalized, or less-liquid banks give larger discounts in
loan pricing for borrowers with a higher technology similarity to the banks’ prior borrowers. For
these borrowers, banks are more likely to charge lower loan spreads when they are ex ante more
opaque with lower technological obsolescence and less product disclosures. Furthermore, banks
reward the safer, more profitable and less indebted borrowers. We find that these borrowers are
systematically granted cheaper loans by bank lenders in the syndicated loan market.
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Figure 2.1: Borrower Technology Similarity Over Time

Figure 2.1 shows the annual average of bank-level borrower technology similarity from 1990 to 2020 by small and
large banks based on annual median size. The detailed definition of borrower technology similarity is explained
in Section 2.3. Intuitively, a higher value indicates that banks are more likely to lend to borrowers sharing similar
technologies with their prior borrowers.
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Figure 2.2: Borrowing Firms’ Technology Diversity Over Time

Figure 2.2 plots the evolution of borrowers’ technology diversity from 1990 to 2020. Following Hsu et al. (2018),
firm technology diversity is measured using a Herfindahl-based index of the distribution of a firm’s patents across
CPC technology classes over rolling 5-year windows. The solid blue line shows the mean technology diversity, the
dashed line shows the median, and the shaded area represents the 25th-75th percentile range. The bars indicate
the number of firms with non-zero technology diversity scores in each year. A higher diversity score indicates a
firm’s patents are more evenly distributed across different technology classes, while a lower score suggests greater
technological specialization.
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Table 2.1: Summary Statistics
Table 2.1 presents the summary statistics of our loan sample sourced from DealSCan, which consists of 36,166
loans to U.S. borrowers (excluding utility and financial firms) from January 1990 to December 2020. Definitions
of the variables are provided in Table 2.A1 in the Appendix. All continuous variables are winsorized by year at
the 1st and 99th percentiles.

Observations Mean Standard Deviation 10th Percentile Median 90th Percentile
Bank-borrower characteristics
Technology Similarity 36,166 0.039 0.060 0.000 0.000 0.132
Segment Similarity 36,166 0.063 0.056 0.008 0.052 0.125
Prior Relationship 36,166 0.355 0.379 0.000 0.239 1.000
Borrower In Bank Top Industries 36,166 0.190 0.392 0 0 1
Lending Relationship Time 36,166 1.940 2.838 0.000 1.000 6.000

Loan characteristics
Loan Spread (bps) 36,166 205.310 141.397 50.000 175.000 375.000
ln(Loan Spread) 36,166 5.066 0.782 3.912 5.165 5.927
Loan Size ($ millions) 36,166 425.155 739.765 14.201 166.000 1045.000
Loan Maturity (months) 36,166 48.193 22.538 12.000 60.000 72.000
Loan Secured 36,166 0.533 0.499 0 1 1

Borrower characteristics
Borrower Product Market HHI 36,166 0.283 0.264 0.049 0.184 0.689
Borrower Product Market Similarity 36,166 3.133 3.991 1.019 1.578 7.050
Borrower Product Market Fluidity 36,166 6.624 3.426 2.888 5.961 11.254
Borrower Patent Stock 36,166 0.566 4.398 0.000 0.000 0.492
Borrower Citation Stock 36,166 1.865 2.800 0.000 0.000 6.372
Borrower Patent Value 36,166 5.607 26.663 0.000 0.000 10.959
Borrower Size 36,166 7.074 1.942 4.498 7.101 9.642
Borrower Total Assets ($ billions) 36,166 6.566 19.569 0.088 1.213 15.399
Borrower Leverage 36,166 0.314 0.212 0.037 0.297 0.584
Borrower Z-score 36,166 0.016 0.014 0.001 0.015 0.032
Borrower Profitability 36,166 0.128 0.089 0.048 0.125 0.227
Borrower Market-to-Book 36,166 0.028 0.053 0.007 0.021 0.059
Borrower Cash 36,166 0.074 0.090 0.005 0.040 0.189
Borrower Has Credit Rating 36,166 0.519 0.500 0 1 1
Borrower Default Probability 28,120 0.027 0.083 0.000 0.000 0.066

Bank characteristics
Bank Size 30,399 13.154 1.429 11.202 13.401 14.674
Bank Capital 30,399 0.076 0.022 0.044 0.079 0.102
Bank Deposits 30,399 0.576 0.122 0.424 0.576 0.714
Bank Total Loans 30,399 0.461 0.138 0.294 0.473 0.636
Bank Loan-to-Deposit Shortfall 30,399 -0.115 0.092 -0.209 -0.116 -0.005
Bank ROA 30,399 0.009 0.005 0.002 0.010 0.014
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Table 2.2: Borrower Technology Similarity and Loan Spread

Table 2.2 reports the results of regressing the natural logarithm of all-in-drawn loan spreads on borrower
technology similarity. Specifically, column (1) reports the baseline result. Column (2) controls for the borrower’s
segment similarity with bank’s prior borrowers. Columns (3) through (5) control for the competition faced by the
borrower using three of Hoberg and Phillips (2016) product market competition measures, respectively. Columns
(6) to (8) additionally control for the borrower’s patent value and patent stock, as well as the segment similarity.
In all specifications, we control for bank-borrower prior lending relationship, borrower characteristics, loan
characteristics, and fixed effects for loan type, loan purpose, borrower industry – year, and lender. Definitions of
the variables are provided in Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust
standard errors clustered at the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%,
and 10% levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity -0.380∗∗∗ -0.412∗∗∗ -0.362∗∗∗ -0.373∗∗∗ -0.350∗∗∗ -0.309∗∗∗ -0.318∗∗∗ -0.291∗∗∗

(0.093) (0.094) (0.092) (0.093) (0.092) (0.094) (0.095) (0.094)
Segment Similarity 0.224∗∗ 0.218∗∗ 0.219∗∗ 0.194∗∗

(0.094) (0.094) (0.094) (0.093)
Borrower Product Market HHI -0.113∗∗∗ -0.112∗∗∗

(0.020) (0.020)
Borrower Product Market Similarity 0.004∗∗∗ 0.004∗∗∗

(0.001) (0.001)
Borrower Product Market Fluidity 0.014∗∗∗ 0.014∗∗∗

(0.002) (0.002)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Borrower Patent Stock -0.001 -0.001 -0.001

(0.001) (0.001) (0.001)
Prior Relationship -0.019∗ -0.022∗∗ -0.020∗ -0.020∗ -0.020∗ -0.024∗∗ -0.025∗∗ -0.024∗∗

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Borrower Size -0.085∗∗∗ -0.085∗∗∗ -0.088∗∗∗ -0.086∗∗∗ -0.089∗∗∗ -0.083∗∗∗ -0.081∗∗∗ -0.084∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
Borrower Leverage 0.566∗∗∗ 0.566∗∗∗ 0.574∗∗∗ 0.569∗∗∗ 0.571∗∗∗ 0.564∗∗∗ 0.559∗∗∗ 0.560∗∗∗

(0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026)
Borrower Z-score -2.007∗∗∗ -1.984∗∗∗ -1.819∗∗∗ -1.838∗∗∗ -1.369∗∗∗ -1.888∗∗∗ -1.896∗∗∗ -1.436∗∗∗

(0.442) (0.443) (0.441) (0.445) (0.447) (0.439) (0.442) (0.444)
Borrower Profitability -1.136∗∗∗ -1.135∗∗∗ -1.139∗∗∗ -1.138∗∗∗ -1.144∗∗∗ -1.113∗∗∗ -1.111∗∗∗ -1.116∗∗∗

(0.063) (0.063) (0.063) (0.063) (0.063) (0.062) (0.062) (0.062)
Borrower Market-to-Book -0.323∗∗∗ -0.323∗∗∗ -0.315∗∗∗ -0.331∗∗∗ -0.338∗∗∗ -0.275∗∗∗ -0.291∗∗∗ -0.297∗∗∗

(0.073) (0.073) (0.073) (0.073) (0.074) (0.070) (0.071) (0.072)
Borrower Cash 0.090∗ 0.091∗ 0.061 0.075 0.037 0.065 0.078 0.040

(0.049) (0.049) (0.049) (0.049) (0.049) (0.049) (0.049) (0.048)
Borrower Has Credit Rating 0.039∗∗∗ 0.039∗∗∗ 0.039∗∗∗ 0.039∗∗∗ 0.040∗∗∗ 0.035∗∗∗ 0.035∗∗∗ 0.036∗∗∗

(0.012) (0.012) (0.012) (0.012) (0.012) (0.011) (0.012) (0.011)
ln(Loan Size) -0.097∗∗∗ -0.096∗∗∗ -0.097∗∗∗ -0.097∗∗∗ -0.097∗∗∗ -0.097∗∗∗ -0.097∗∗∗ -0.097∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
ln(Loan Maturity) 0.016∗∗ 0.016∗∗ 0.017∗∗ 0.017∗∗ 0.017∗∗ 0.014∗∗ 0.014∗ 0.014∗

(0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
Loan Secured 0.385∗∗∗ 0.385∗∗∗ 0.384∗∗∗ 0.385∗∗∗ 0.380∗∗∗ 0.383∗∗∗ 0.384∗∗∗ 0.380∗∗∗

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 36,166 36,166 36,166 36,166 36,166 36,166 36,166 36,166
Adjusted R2 0.653 0.653 0.654 0.653 0.655 0.656 0.655 0.657



Borrower Technology Similarity and Bank Loan Contracting 52

Table 2.3: Borrower Technology Similarity and Loan Spread Controlling for Time-
varying Bank Industry Specialization

Table 2.3 reports the results of estimating all the model specifications as in Table 2.2, additionally con-
trolling for time-varying bank industry specialization via lender times industry times year fixed effects.
Definitions of the variables are provided in Table 2.A1 in the Appendix. Numbers in parentheses are
heteroskedasticity-robust standard errors clustered at the borrower level. ***, **, and * indicate statistical
significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity -0.444∗∗∗ -0.483∗∗∗ -0.426∗∗∗ -0.438∗∗∗ -0.408∗∗∗ -0.371∗∗∗ -0.380∗∗∗ -0.341∗∗∗

(0.125) (0.128) (0.122) (0.124) (0.123) (0.127) (0.130) (0.128)
Segment Similarity 0.296 0.335∗ 0.335∗ 0.272

(0.199) (0.200) (0.200) (0.197)
Borrower Product Market HHI -0.150∗∗∗ -0.151∗∗∗

(0.025) (0.025)
Borrower Product Market Similarity 0.004∗∗∗ 0.005∗∗∗

(0.002) (0.002)
Borrower Product Market Fluidity 0.016∗∗∗ 0.016∗∗∗

(0.002) (0.002)
Borrower Patent Stock -0.001 -0.001 -0.001

(0.001) (0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Prior Relationship -0.046∗∗∗ -0.046∗∗∗ -0.047∗∗∗ -0.047∗∗∗ -0.046∗∗∗ -0.049∗∗∗ -0.049∗∗∗ -0.048∗∗∗

(0.014) (0.014) (0.014) (0.014) (0.014) (0.014) (0.014) (0.014)
Borrower Size -0.097∗∗∗ -0.097∗∗∗ -0.101∗∗∗ -0.098∗∗∗ -0.102∗∗∗ -0.095∗∗∗ -0.091∗∗∗ -0.095∗∗∗

(0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006)
Borrower Leverage 0.665∗∗∗ 0.665∗∗∗ 0.673∗∗∗ 0.667∗∗∗ 0.665∗∗∗ 0.660∗∗∗ 0.654∗∗∗ 0.651∗∗∗

(0.033) (0.033) (0.033) (0.033) (0.033) (0.033) (0.033) (0.033)
Borrower Z-score -2.859∗∗∗ -2.850∗∗∗ -2.605∗∗∗ -2.661∗∗∗ -2.164∗∗∗ -2.723∗∗∗ -2.761∗∗∗ -2.276∗∗∗

(0.537) (0.538) (0.536) (0.541) (0.544) (0.534) (0.539) (0.542)
Borrower Profitability -1.191∗∗∗ -1.191∗∗∗ -1.193∗∗∗ -1.193∗∗∗ -1.199∗∗∗ -1.161∗∗∗ -1.161∗∗∗ -1.166∗∗∗

(0.082) (0.082) (0.082) (0.082) (0.082) (0.081) (0.082) (0.082)
Borrower Market-to-Book -0.381∗∗∗ -0.383∗∗∗ -0.376∗∗∗ -0.391∗∗∗ -0.391∗∗∗ -0.341∗∗∗ -0.357∗∗∗ -0.355∗∗∗

(0.087) (0.087) (0.086) (0.088) (0.089) (0.083) (0.085) (0.086)
Borrower Cash 0.160∗∗ 0.160∗∗ 0.120∗ 0.143∗∗ 0.100 0.123∗∗ 0.145∗∗ 0.102

(0.064) (0.064) (0.063) (0.064) (0.063) (0.063) (0.063) (0.063)
Borrower Has Credit Rating 0.038∗∗∗ 0.038∗∗∗ 0.037∗∗∗ 0.038∗∗∗ 0.040∗∗∗ 0.033∗∗ 0.034∗∗ 0.035∗∗∗

(0.013) (0.013) (0.013) (0.013) (0.013) (0.013) (0.013) (0.013)
ln(Loan Size) -0.081∗∗∗ -0.081∗∗∗ -0.081∗∗∗ -0.081∗∗∗ -0.082∗∗∗ -0.082∗∗∗ -0.082∗∗∗ -0.082∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
ln(Loan Maturity) 0.034∗∗∗ 0.034∗∗∗ 0.034∗∗∗ 0.034∗∗∗ 0.034∗∗∗ 0.032∗∗∗ 0.033∗∗∗ 0.032∗∗∗

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008)
Loan Secured 0.352∗∗∗ 0.352∗∗∗ 0.349∗∗∗ 0.351∗∗∗ 0.347∗∗∗ 0.350∗∗∗ 0.352∗∗∗ 0.347∗∗∗

(0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender × Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 31,578 31,578 31,578 31,578 31,578 31,578 31,578 31,578
Adjusted R2 0.729 0.729 0.730 0.729 0.731 0.731 0.731 0.732
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Table 2.4: Bank Technology Knowledge and Future Performance

Table 2.4 examines the predictive power of a bank’s accumulated technology knowledge for its future
performance. Specifically, we regress the bank ROA and distance to default on bank technology knowledge,
controlling for bank size, non-deposit leverage, deposits, and capital. The dependent variable is measured at
year t + h and all independent variables are measured at year t. Definitions of the variables are provided in
Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust standard errors clustered at
the lender level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4) (5)
h=1 h=2 h=3 h=4 h=5

Bank ROA (t+h)
Bank Technology Knowledge 0.007∗∗∗ 0.009∗∗∗ 0.008∗∗∗ 0.006∗ 0.008∗∗

(0.003) (0.003) (0.003) (0.003) (0.004)
Bank Size -0.001 -0.002∗∗ -0.001 -0.001 -0.000

(0.001) (0.001) (0.001) (0.001) (0.001)
Bank Total Loans -0.005∗ -0.006∗∗ -0.004 -0.004 -0.002

(0.003) (0.003) (0.003) (0.003) (0.003)
Bank Non-Deposit Leverage -0.001 -0.004 -0.006 -0.006 -0.008∗∗

(0.005) (0.004) (0.004) (0.004) (0.004)
Bank Deposits 0.004 0.004 0.003 0.002 0.003

(0.003) (0.003) (0.003) (0.003) (0.003)
Bank Capital 0.012 -0.010 -0.008 -0.006 0.015

(0.022) (0.020) (0.018) (0.019) (0.015)
Year Fixed Effects Yes Yes Yes Yes Yes
Bank Fixed Effects Yes Yes Yes Yes Yes
Observations 1,774 1,690 1,608 1,526 1,444
Adjusted R2 0.406 0.430 0.438 0.451 0.459

Bank Distance to Default (t+h)
Bank Technology Knowledge 4.977∗∗∗ 6.750∗∗∗ 5.476∗∗ 6.752∗∗∗ 4.201

(1.684) (1.905) (2.382) (2.394) (2.682)
Bank Size -0.090 -0.430 -0.729∗ -0.902∗ -1.103∗∗

(0.334) (0.360) (0.407) (0.454) (0.528)
Bank Total Loans -2.559∗∗ -3.014∗∗ -2.743 -1.995 0.416

(1.211) (1.370) (1.662) (1.996) (2.410)
Bank Non-Deposit Leverage -7.574∗ -4.252 -4.086 -2.068 -4.818

(4.517) (3.616) (4.165) (5.626) (7.455)
Bank Deposits 13.338∗∗∗ 13.250∗∗∗ 11.181∗∗∗ 9.499∗∗ 2.451

(4.193) (3.461) (3.552) (4.495) (6.384)
Bank Capital 31.300∗∗ 28.793∗∗ 17.282 14.509 7.864

(14.373) (12.860) (12.288) (12.457) (12.945)
Year Fixed Effects Yes Yes Yes Yes Yes
Bank Fixed Effects Yes Yes Yes Yes Yes
Observations 1,205 1,154 1,103 1,047 990
Adjusted R2 0.803 0.799 0.792 0.778 0.769
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Table 2.5: Difference-in-Differences Estimation: Bank M&A

Table 2.5 shows the results of the difference-in-differences (DiD) estimation using bank M&As as exoge-
nous shocks to the stock of acquirer banks’ technology knowledge. Treated and Post dummies variables are
defined in Section 2.5.3. We include the same set of controls as in the baseline. We control for loan type fixed
effects, loan purpose fixed effects, borrower industry fixed effects, lender fixed effects and year fixed effects
across all specifications. Definitions of other variables are provided in Table 2.A1 in the Appendix. Numbers in
parentheses are heteroskedasticity-robust standard errors clustered at the lender and year levels. ***, **, and *
indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4)
All M&As Technology Learned

Post × Treated -0.152∗∗ -0.154∗∗ -0.156∗∗ -0.157∗∗

(0.063) (0.063) (0.066) (0.066)
Post -0.006 -0.004 -0.008 -0.005

(0.018) (0.017) (0.017) (0.016)
Treated -0.022 -0.012 -0.023 -0.014

(0.050) (0.047) (0.050) (0.045)
Borrower Patent Stock -0.010 -0.007

(0.012) (0.013)
Borrower Patent Value -0.001 -0.001

(0.001) (0.001)
Segment Similarity -0.117 -0.052 -0.119 -0.054

(0.445) (0.435) (0.465) (0.460)
Borrower Product Market HHI -0.277∗∗∗ -0.272∗∗∗ -0.306∗∗∗ -0.302∗∗∗

(0.087) (0.086) (0.094) (0.094)
Prior Relationship -0.026 -0.022 -0.016 -0.013

(0.047) (0.047) (0.052) (0.054)
Borrower Size -0.171∗∗∗ -0.162∗∗∗ -0.176∗∗∗ -0.168∗∗∗

(0.015) (0.015) (0.017) (0.017)
Borrower Leverage 0.770∗∗∗ 0.748∗∗∗ 0.798∗∗∗ 0.778∗∗∗

(0.131) (0.127) (0.131) (0.126)
Borrower Z-score -5.737∗∗∗ -5.859∗∗∗ -5.767∗∗∗ -5.902∗∗∗

(1.744) (1.738) (1.899) (1.849)
Borrower Profitability -1.443∗∗∗ -1.397∗∗∗ -1.413∗∗∗ -1.366∗∗∗

(0.174) (0.159) (0.198) (0.176)
Borrower Market-to-Book -0.974∗∗ -0.934∗∗ -1.087∗∗∗ -1.041∗∗∗

(0.372) (0.386) (0.350) (0.366)
Borrower Cash 0.714∗∗∗ 0.711∗∗∗ 0.748∗∗∗ 0.755∗∗∗

(0.211) (0.207) (0.201) (0.203)
Borrower Has Credit Rating 0.025 0.023 0.022 0.020

(0.022) (0.023) (0.023) (0.025)
ln(Loan Size) -0.086∗∗∗ -0.086∗∗∗ -0.088∗∗∗ -0.088∗∗∗

(0.022) (0.022) (0.024) (0.024)
ln(Loan Maturity) 0.031∗∗ 0.029∗∗ 0.033∗ 0.031∗

(0.015) (0.014) (0.016) (0.016)
Loan Secured 0.464∗∗∗ 0.469∗∗∗ 0.458∗∗∗ 0.462∗∗∗

(0.037) (0.037) (0.037) (0.037)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes
Borrower Industry Fixed Effects Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes
Year Fixed Effects Yes Yes Yes Yes
Observations 4,700 4,700 4,267 4,267
Adjusted R2 0.759 0.760 0.761 0.762
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Table 2.6: Borrower Technology Similarity and Technological Obsolescence

Table 2.6 examines the heterogeneous effects of borrower technology similarity on loan spread condi-
tional on borrowers’ technological obsolescence as in Ma (2021). Specifically, columns (1) and (2) report the
results based on the low Technological Obsolescence dummy that equals to 1 if the borrowers’ Technological
Obsolescence is below the annual median. Columns (3) and (4) alternatively use the annual decile rank of
borrowers’ technological obsolescence. ω is the window length used in computing technological obsolescence
as in Ma (2021). In all specifications, we control for bank-borrower prior lending relationship, borrower
characteristics, loan characteristics, and fixed effects for loan type, loan purpose, borrower industry – year, and
lender. Definitions of the variables are provided in Table 2.A1 in the Appendix. Numbers in parentheses are
heteroskedasticity-robust standard errors clustered at the borrower level. ***, **, and * indicate statistical
significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4)
Technology Similarity 0.138 0.153 -0.760∗∗∗ -0.731∗∗∗

(0.192) (0.191) (0.272) (0.273)
Technology Similarity × Low Technology Obsolescence (ω = 5) -0.527∗∗ -0.522∗∗

(0.221) (0.222)
Technology Similarity × Technology Obsolescence Rank (ω = 5) 0.116∗∗∗ 0.114∗∗∗

(0.041) (0.041)
Low Technology Obsolescence (ω = 5) 0.037 0.036

(0.024) (0.024)
Technology Obsolescence Rank (ω = 5) -0.006 -0.005

(0.004) (0.004)
Borrower Patent Stock -0.001 -0.001

(0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000)
Segment Similarity 0.329 0.328 0.334 0.333

(0.248) (0.248) (0.249) (0.249)
Borrower Product Market HHI -0.086∗∗ -0.088∗∗ -0.086∗∗ -0.089∗∗

(0.035) (0.035) (0.035) (0.035)
Prior Relationship -0.071∗∗∗ -0.072∗∗∗ -0.070∗∗∗ -0.071∗∗∗

(0.023) (0.023) (0.023) (0.023)
Borrower Size -0.072∗∗∗ -0.062∗∗∗ -0.072∗∗∗ -0.062∗∗∗

(0.011) (0.011) (0.011) (0.011)
Borrower Leverage 0.694∗∗∗ 0.675∗∗∗ 0.690∗∗∗ 0.671∗∗∗

(0.063) (0.063) (0.063) (0.063)
Borrower Z-score -2.578∗∗ -2.800∗∗∗ -2.633∗∗∗ -2.854∗∗∗

(1.013) (1.013) (1.017) (1.017)
Borrower Profitability -1.760∗∗∗ -1.692∗∗∗ -1.756∗∗∗ -1.688∗∗∗

(0.160) (0.159) (0.160) (0.159)
Borrower Market-to-Book -0.505∗∗∗ -0.445∗∗∗ -0.500∗∗∗ -0.440∗∗∗

(0.131) (0.126) (0.131) (0.126)
Borrower Cash 0.263∗∗ 0.274∗∗ 0.258∗∗ 0.270∗∗

(0.117) (0.115) (0.117) (0.115)
Borrower Has Credit Rating -0.002 -0.009 -0.001 -0.009

(0.023) (0.023) (0.023) (0.023)
ln(Loan Size) -0.110∗∗∗ -0.110∗∗∗ -0.110∗∗∗ -0.110∗∗∗

(0.010) (0.010) (0.010) (0.010)
ln(Loan Maturity) 0.071∗∗∗ 0.068∗∗∗ 0.071∗∗∗ 0.068∗∗∗

(0.013) (0.013) (0.013) (0.013)
Loan Secured 0.389∗∗∗ 0.392∗∗∗ 0.389∗∗∗ 0.392∗∗∗

(0.021) (0.021) (0.021) (0.021)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes
Observations 10,311 10,311 10,311 10,311
Adjusted R2 0.723 0.724 0.723 0.724
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Table 2.7: Borrower Technology Similarity and Product Disclosure

Table 2.7 examines the heterogeneous effects of borrower technology similarity on loan spread condi-
tional on borrowers’ product disclosure as in Cao et al. (2018). Specifically, columns (1) and (2) report the
results based the natural logarithm of one plus the total number of words in all press releases related to product
development issued by the borrower in the last five years. Alternatively, columns (3) and (4) use the product
disclosure words related to the new product announcement. We use natural language processing and the list
of key words in Liu et al. (2024) to classify new product announcement. In all specifications, we control for
bank-borrower prior lending relationship, borrower characteristics, loan characteristics, and fixed effects for loan
type, loan purpose, borrower industry – year, and lender. Definitions of the variables are provided in Table 2.A1
in the Appendix. Numbers in parentheses are heteroskedasticity-robust standard errors clustered at the borrower
level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4)
Technology Similarity -0.612∗∗∗ -0.608∗∗∗ -0.569∗∗∗ -0.578∗∗∗

(0.201) (0.201) (0.177) (0.177)
Technology Similarity × ln(Product Disclosure) 0.063∗∗ 0.055∗

(0.029) (0.029)
Technology Similarity × ln(New Product Disclosure) 0.065∗∗ 0.059∗∗

(0.028) (0.028)
ln(Product Disclosure) -0.005∗∗ -0.006∗∗

(0.002) (0.002)
ln(New Product Disclosure) -0.005∗∗ -0.006∗∗

(0.002) (0.002)
Segment Similarity 0.259∗ 0.257∗

(0.142) (0.142)
Borrower Product Market HHI -0.079∗∗∗ -0.079∗∗∗

(0.025) (0.024)
Borrower Patent Stock -0.002∗∗ -0.002∗∗ -0.002∗∗ -0.002∗∗

(0.001) (0.001) (0.001) (0.001)
Borrower Patent Value -0.002∗∗∗ -0.002∗∗∗ -0.002∗∗∗ -0.002∗∗∗

(0.000) (0.000) (0.000) (0.000)
Prior Relationship -0.068∗∗∗ -0.069∗∗∗ -0.067∗∗∗ -0.069∗∗∗

(0.016) (0.016) (0.016) (0.016)
Borrower Size -0.056∗∗∗ -0.057∗∗∗ -0.056∗∗∗ -0.057∗∗∗

(0.006) (0.006) (0.006) (0.006)
Borrower Leverage 0.486∗∗∗ 0.488∗∗∗ 0.487∗∗∗ 0.489∗∗∗

(0.033) (0.033) (0.033) (0.033)
Borrower Z-score -4.028∗∗∗ -3.893∗∗∗ -4.002∗∗∗ -3.859∗∗∗

(0.550) (0.550) (0.547) (0.547)
Borrower Profitability -1.023∗∗∗ -1.018∗∗∗ -1.024∗∗∗ -1.019∗∗∗

(0.091) (0.091) (0.091) (0.091)
Borrower Market-to-Book -0.197∗∗∗ -0.190∗∗∗ -0.197∗∗∗ -0.190∗∗∗

(0.073) (0.073) (0.074) (0.073)
Borrower Cash 0.150∗∗ 0.135∗∗ 0.148∗∗ 0.132∗∗

(0.063) (0.062) (0.062) (0.062)
Borrower Has Credit Rating 0.034∗∗ 0.033∗∗ 0.034∗∗ 0.033∗∗

(0.013) (0.013) (0.013) (0.013)
ln(Loan Size) -0.099∗∗∗ -0.099∗∗∗ -0.099∗∗∗ -0.099∗∗∗

(0.006) (0.006) (0.006) (0.006)
ln(Loan Maturity) 0.083∗∗∗ 0.083∗∗∗ 0.083∗∗∗ 0.083∗∗∗

(0.012) (0.012) (0.012) (0.012)
Loan Secured 0.329∗∗∗ 0.328∗∗∗ 0.329∗∗∗ 0.327∗∗∗

(0.012) (0.012) (0.012) (0.012)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes
Observations 17,794 17,794 17,794 17,794
Adjusted R2 0.661 0.662 0.661 0.662



Borrower Technology Similarity and Bank Loan Contracting 57

Table 2.8: Borrower Technology Similarity and Borrower Riskiness

Table 2.8 examines the heterogeneous effects of borrower technology similarity on loan spread for differ-
ent borrowers. Specifically, we estimate the model as in column (6) of Table 2.2 and additionally include
the interaction of technology similarity and three borrower characteristics: Altman’s Z-score, leverage, and
profitability, respectively. In all specifications, we control for bank-borrower prior lending relationship, borrower
characteristics, loan characteristics, and fixed effects for loan type, loan purpose, borrower industry – year, and
lender. Definitions of the variables are provided in Table 2.A1 in the Appendix. Numbers in parentheses are
heteroskedasticity-robust standard errors clustered at the borrower level. ***, **, and * indicate statistical
significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3)
Technology Similarity -0.157 -0.534∗∗∗ 0.188

(0.129) (0.156) (0.158)
Technology Similarity × Borrower Z-score -17.190∗∗∗

(5.990)
Technology Similarity × Borrower Leverage 0.905∗∗

(0.413)
Technology Similarity × Borrower Profitability -4.382∗∗∗

(0.982)
Borrower Z-score -8.491∗∗∗

(0.431)
Borrower Leverage 0.580∗∗∗

(0.028)
Borrower Profitability -1.110∗∗∗

(0.058)
Segment Similarity 0.239∗∗ 0.273∗∗∗ 0.266∗∗∗

(0.095) (0.095) (0.095)
Borrower Product Market HHI -0.090∗∗∗ -0.131∗∗∗ -0.101∗∗∗

(0.020) (0.020) (0.020)
Borrower Patent Stock -0.001 -0.001 -0.001

(0.001) (0.001) (0.001)
Borrower Patent Value -0.002∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Prior Relationship -0.022∗∗ -0.037∗∗∗ -0.022∗∗

(0.011) (0.011) (0.011)
Borrower Size -0.077∗∗∗ -0.075∗∗∗ -0.082∗∗∗

(0.006) (0.005) (0.006)
Borrower Market-to-Book -0.429∗∗∗ -0.479∗∗∗ -0.325∗∗∗

(0.074) (0.081) (0.073)
Borrower Cash -0.171∗∗∗ 0.037 -0.257∗∗∗

(0.048) (0.051) (0.048)
Borrower Has Credit Rating 0.058∗∗∗ 0.031∗∗∗ 0.081∗∗∗

(0.012) (0.012) (0.012)
ln(Loan Size) -0.101∗∗∗ -0.110∗∗∗ -0.097∗∗∗

(0.005) (0.004) (0.005)
ln(Loan Maturity) 0.011 0.002 0.015∗∗

(0.007) (0.007) (0.007)
Loan Secured 0.422∗∗∗ 0.417∗∗∗ 0.425∗∗∗

(0.010) (0.010) (0.010)
Loan Type and Purpose Fixed Effects Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes
Lender Fixed Effects Yes Yes Yes
Observations 36,166 36,166 36,166
Adjusted R2 0.638 0.639 0.638
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Table 2.9: Heterogeneous Effects of Borrower Technology Similarity: Banks

Table 2.9 examines the heterogeneous effects of borrower technology similarity on loan spread for differ-
ent banks. Specifically, we estimate the model as in column (6) of Table 2.2 and additionally include bank
characteristics and their interaction with technology similarity. In all specifications, we control for bank-borrower
prior lending relationship, borrower characteristics, loan characteristics, and fixed effects for loan type, loan
purpose, borrower industry – year, and lender. Definitions of the variables are provided in Table 2.A1 in the
Appendix. Numbers in parentheses are heteroskedasticity-robust standard errors clustered at the borrower level.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3)
Technology Similarity -2.615∗∗∗ -0.913∗∗∗ -0.544∗∗∗

(0.613) (0.319) (0.153)
Technology Similarity × Bank Size 0.178∗∗∗

(0.047)
Technology Similarity × Bank Capital 8.010∗∗

(3.743)
Technology Similarity × Bank Loan-to-Deposit Shortfall -1.706∗∗

(0.785)
Bank Size -0.082∗∗∗

(0.018)
Bank Capital -1.780∗∗∗

(0.489)
Bank Loan-to-Deposit Shortfall 0.058

(0.080)
Segment Similarity 0.284∗∗∗ 0.311∗∗∗ 0.302∗∗∗

(0.099) (0.100) (0.099)
Borrower Product Market HHI -0.117∗∗∗ -0.118∗∗∗ -0.118∗∗∗

(0.021) (0.021) (0.021)
Borrower Patent Stock -0.000 0.000 0.000

(0.001) (0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Prior Relationship -0.015 -0.016 -0.015

(0.011) (0.011) (0.011)
Borrower Size -0.091∗∗∗ -0.091∗∗∗ -0.091∗∗∗

(0.006) (0.006) (0.006)
Borrower Leverage 0.608∗∗∗ 0.606∗∗∗ 0.607∗∗∗

(0.028) (0.028) (0.028)
Borrower Z-score -1.822∗∗∗ -1.884∗∗∗ -1.857∗∗∗

(0.482) (0.481) (0.483)
Borrower Profitability -1.083∗∗∗ -1.086∗∗∗ -1.081∗∗∗

(0.065) (0.066) (0.066)
Borrower Market-to-Book -0.272∗∗∗ -0.269∗∗∗ -0.268∗∗∗

(0.073) (0.073) (0.074)
Borrower Cash 0.054 0.060 0.059

(0.051) (0.052) (0.052)
Borrower Has Credit Rating 0.041∗∗∗ 0.041∗∗∗ 0.041∗∗∗

(0.012) (0.012) (0.012)
ln(Loan Size) -0.092∗∗∗ -0.093∗∗∗ -0.093∗∗∗

(0.005) (0.005) (0.005)
ln(Loan Maturity) 0.003 0.002 0.002

(0.008) (0.008) (0.008)
Loan Secured 0.367∗∗∗ 0.369∗∗∗ 0.368∗∗∗

(0.010) (0.010) (0.010)
Loan Type and Purpose Fixed Effects Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes
Lender Fixed Effects Yes Yes Yes
Observations 30,365 30,365 30,365
Adjusted R2 0.639 0.639 0.638
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Table 2.10: Borrower Technology Similarity Based on Loan Types

Table 2.10 reports the results of regressing the natural logarithm of all-in-drawn loan spreads on bor-
rower technology similarity. Specifically, this technology similarity is measured between a borrower and the
bank’s prior borrowers of Term A loans and revolving credit facilities. Panel A presents results for the full loan
sample, while Panel B focuses only on Term B loans to provide a falsification test. In both panels, column
(1) reports the baseline result. Column (2) controls for the borrower’s segment similarity with bank’s prior
borrowers, which is also constructed using the same relationship loan types. Columns (3) through (5) control for
the competition faced by the borrower using three of Hoberg and Phillips (2016) product market competition
measures, respectively. Columns (6) to (8) additionally control for the borrower’s patent value and patent stock,
as well as the segment similarity. In all specifications, we control for bank-borrower prior lending relationship,
borrower characteristics, loan characteristics, and fixed effects for loan type, loan purpose, borrower industry
– year, and lender. Definitions of the variables are provided in Table 2.A1 in the Appendix. Numbers in
parentheses are heteroskedasticity-robust standard errors clustered at the borrower level. ***, **, and * indicate
statistical significance at the 1%, 5%, and 10% levels, respectively.

Panel A: All Loans

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity (Term A Loan and Credit Lines) -0.418∗∗∗ -0.448∗∗∗ -0.399∗∗∗ -0.411∗∗∗ -0.393∗∗∗ -0.354∗∗∗ -0.364∗∗∗ -0.342∗∗∗

(0.091) (0.092) (0.090) (0.091) (0.090) (0.091) (0.092) (0.091)
Segment Similarity (Term A Loan and Credit Lines) 0.324∗∗ 0.263∗∗ 0.260∗∗ 0.230∗

(0.126) (0.126) (0.125) (0.125)
Borrower Product Market HHI -0.124∗∗∗ -0.122∗∗∗

(0.020) (0.020)
Borrower Product Market Similarity 0.004∗∗∗ 0.004∗∗∗

(0.001) (0.001)
Borrower Product Market Fluidity 0.014∗∗∗ 0.014∗∗∗

(0.002) (0.002)
Borrower Patent Stock -0.000 -0.000 -0.000

(0.001) (0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Prior Relationship -0.022∗∗ -0.026∗∗ -0.022∗∗ -0.022∗∗ -0.022∗∗ -0.028∗∗∗ -0.028∗∗∗ -0.028∗∗

(0.011) (0.011) (0.011) (0.011) (0.011) (0.011) (0.011) (0.011)
Borrower-level Controls Yes Yes Yes Yes Yes Yes Yes Yes
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 33,472 33,472 33,472 33,472 33,472 33,472 33,472 33,472
Adjusted R2 0.665 0.665 0.666 0.665 0.667 0.667 0.667 0.668

Panel B: Falsification Test (Term B Loans)

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity (Term A Loan and Credit Lines) -0.206 -0.212 -0.206 -0.210 -0.206 -0.275 -0.272 -0.272

(0.178) (0.175) (0.178) (0.179) (0.178) (0.174) (0.174) (0.174)
Segment Similarity (Term A Loan and Credit Lines) 0.073 0.122 0.088 0.106

(0.317) (0.317) (0.319) (0.320)
Borrower Product Market HHI 0.021 0.023

(0.042) (0.041)
Borrower Product Market Similarity 0.002 0.002

(0.003) (0.003)
Borrower Product Market Fluidity 0.000 0.000

(0.004) (0.004)
Borrower Patent Stock 0.005∗∗∗ 0.005∗∗∗ 0.005∗∗∗

(0.001) (0.001) (0.001)
Borrower Patent Value 0.000 0.000 0.000

(0.001) (0.001) (0.001)
Prior Relationship -0.098∗∗∗ -0.099∗∗∗ -0.098∗∗∗ -0.099∗∗∗ -0.098∗∗∗ -0.096∗∗∗ -0.096∗∗∗ -0.096∗∗∗

(0.028) (0.028) (0.028) (0.028) (0.028) (0.028) (0.028) (0.028)
Borrower-level Controls Yes Yes Yes Yes Yes Yes Yes Yes
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 2,333 2,333 2,333 2,333 2,333 2,333 2,333 2,333
Adjusted R2 0.463 0.463 0.463 0.463 0.463 0.464 0.464 0.464
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Table 2.A1: Variable Definition

Variable Definition Source
Bank-borrower level variables
Technology Similarity The cosine similarity of the technology profiles between the current

borrower and banks’ lending portfolios over the past five years
USPTO

Segment Similarity The cosine similarity of the product market segments between the
current borrower and banks’ prior lending portfolios

Compustat Seg-
ment

Borrower In Bank Top Industries A dummy variable equals to one if the borrower is within the bank’s
top-five 2-digit SIC lending industries by total loan volume each year

DealScan

Prior Relationship Bharath et al. (2011) relationship lending measure: the total amount
of loan by the lead bank to the current borrower in the last five years
divided by the total amount of loans by the borrower in the last five
years

DealScan

Geographic Distance The distance in kilometre (km) between the borrower and the bank
based on their headquarters’ ZIP codes.

Compustat

Loan level variables
Loan Spread The all-in-drawn loan spread measured in basis points DealScan
Loan Size Total amount of a loan facility in millions of US dollars DealScan
Maturity Total number of months to maturity of a loan facility DealScan
Loan Secured A dummy variable equals to one if the loan facility is secured DealScan
Total Bank Loan Cost Total bank loan cost constructed by Berg et al. (2016) including all

fees charged by lenders
DealScan & Berg
et al. (2016)

Borrower level variables
Borrower Product Market HHI The Hoberg and Phillips (2016) 10-K Text-based Network (TNIC)

Industry Herfindahl-Hirschman Index
Hoberg-Phillips
Data Library

Borrower Product Market Similarity The Hoberg and Phillips (2016) 10-K Text-based Network (TNIC)
Industry total similarity of each firm to the product market, calculated
by firm-by-firm pairwise cosine similarity

Hoberg-Phillips
Data Library

Borrower Product Market Fluidity The Hoberg et al. (2014) 10-K based product market fluidity measuring
how intensively the product market around a firm is changing in each
year

Hoberg-Phillips
Data Library

Borrower Patent Stock The borrower patent stock created by capitalizing the number of
granted patents in the last five years with 20% depreciation rate as
in Chava et al. (2017)

USPTO

Borrower Patent Value The borrower average patent value computed as the total Kogan et al.
(2017) patent value at the firm level scaled by the number of patents
granted

USPTO & Ko-
gan et al. (2017)

Borrower Size The natural logarithm of borrower total assets (AT) Compustat
Borrower Leverage The borrower financial leverage measured as the ratio of total debt

(sum of long-term debt (DLTT) and debt in current liabilities (DLC))
to total assets (AT)

Compustat

Borrower Z-score The borrower modified Altman’s Z-score = (1.2×working capital
(WCAP) + 1.4×retained earnings (RE) + 3.3×pretax-income (PI) +
0.999×total sales (SALE))/total assets (AT). We follow Hasan et al.
(2014) and ignore the ratio of market value of equity to book value of
total debt, since we control for a similar term borrower market-to-book
ratio in our regressions

Compustat

Borrower Profitability The borrower earnings before interest, taxes, depreciation, and amor-
tization (EBITDA) scaled by total assets (AT)

Compustat

Borrower Market-to-Book The borrower market value of equity scaled by the book value of equity
((PRCC F×CSHO)/CEQ)

Compustat

Borrower Cash The borrower cash and marketable securities (CHE) scaled by borrow-
ers’ total assets (AT)

Compustat

Borrower Has Credit Rating A dummy variable equals to 1 if the borrower has the public credit
rating

Compustat
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Table 2.A1: Continued

Variable Definition Source
Borrower Bank-Dependent The Schwert (2018) borrower bank-dependent indicator: a dummy

variable equals to 1 if the borrower has no public credit rating
Compustat

Borrower Default Probability The probability of default estimated using the Bharath and Shumway
(2008) naive distance-to-default measure

Compustat &
CRSP

Low Technological Obsolescence A dummy variable equals 1 if a borrower’s technological obsolescence
as in Ma (2021) is below the annual median.

USPTO

Technological Obsolescence Rank The annual decile rank of a borrower’s technological obsolescence as
in Ma (2021).

USPTO

Bank-level variables
Bank Size The natural logarithm of bank’s total asset (AT) Compustat Bank
Bank Capital Bank common equity (CEQ) normalized by bank’s total assets(AT) Compustat Bank
Bank Total Loans Bank total loans (LNTAL) normalized by bank’s total assets(AT) Compustat Bank
Bank ROA Bank net income (loss) (NI) normalized by bank’s total assets(AT) Compustat Bank
Bank Non-Deposit Leverage The Gropp and Heider (2010) bank non-deposit leverage: the ratio

of bank debt, excluding deposit, to bank assets = debt in current
liabilities (DLCQ) + long-term debt (DLTTQ) / total assets (ATQ)

Compustat Bank

Bank Loan-to-Deposit Shortfall The Acharya and Mora (2015) loan-to-deposit shortfall: [total loans
(LNTAL) - deposits (DPTC)]/total assets (AT)

Compustat Bank
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Table 2.A1: Borrower Technology Similarity Using Alternative Time Windows

Table 2.A1 reports the robustness check of the baseline results that measures borrower technology simi-
larity using banks’ past 1-year, 3-year, 7-year and all history lending portfolios. The dependent variable is the
natural logarithm of loan spreads. Additionally, we construct the segment similarity using the corresponding
alternative time window. In all specifications, we control for bank-borrower prior lending relationship, borrower
characteristics, loan characteristics, and fixed effects for loan type, loan purpose, borrower industry – year, and
lender. Definitions of the variables are provided in Table 2.A1 in the Appendix. Numbers in parentheses are
heteroskedasticity-robust standard errors clustered at the borrower level. ***, **, and * indicate statistical
significance at the 1%, 5%, and 10% levels, respectively.

1Y Window 3Y Window 7Y Window All History
(1) (2) (3) (4) (5) (6) (7) (8)

Technology Similarity -0.158∗∗ -0.130∗∗ -0.236∗∗∗ -0.198∗∗∗ -0.332∗∗∗ -0.274∗∗∗ -0.438∗∗∗ -0.366∗∗∗

(0.062) (0.060) (0.077) (0.075) (0.090) (0.088) (0.104) (0.101)
Segment Similarity 0.103 0.162∗∗ 0.272∗∗∗ 0.306∗∗∗

(0.064) (0.079) (0.092) (0.098)
Borrower Product Market HHI -0.114∗∗∗ -0.113∗∗∗ -0.113∗∗∗ -0.111∗∗∗

(0.020) (0.020) (0.020) (0.020)
Borrower Patent Stock -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001 -0.001

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Prior Relationship -0.023∗∗ -0.023∗∗ -0.024∗∗ -0.022∗∗ -0.024∗∗ -0.022∗∗ -0.024∗∗ -0.022∗∗

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Borrower Size -0.081∗∗∗ -0.084∗∗∗ -0.081∗∗∗ -0.084∗∗∗ -0.080∗∗∗ -0.083∗∗∗ -0.079∗∗∗ -0.082∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
Borrower Leverage 0.558∗∗∗ 0.566∗∗∗ 0.557∗∗∗ 0.565∗∗∗ 0.555∗∗∗ 0.564∗∗∗ 0.554∗∗∗ 0.563∗∗∗

(0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026)
Borrower Z-score -2.049∗∗∗ -1.875∗∗∗ -2.066∗∗∗ -1.898∗∗∗ -2.073∗∗∗ -1.908∗∗∗ -2.089∗∗∗ -1.918∗∗∗

(0.440) (0.438) (0.440) (0.438) (0.440) (0.437) (0.439) (0.437)
Borrower Profitability -1.110∗∗∗ -1.113∗∗∗ -1.110∗∗∗ -1.113∗∗∗ -1.110∗∗∗ -1.113∗∗∗ -1.109∗∗∗ -1.113∗∗∗

(0.063) (0.062) (0.062) (0.062) (0.062) (0.062) (0.062) (0.062)
Borrower Market-to-Book -0.286∗∗∗ -0.276∗∗∗ -0.284∗∗∗ -0.275∗∗∗ -0.282∗∗∗ -0.275∗∗∗ -0.284∗∗∗ -0.277∗∗∗

(0.071) (0.070) (0.071) (0.070) (0.071) (0.070) (0.071) (0.070)
Borrower Cash 0.091∗ 0.060 0.092∗ 0.063 0.094∗ 0.064 0.095∗ 0.065

(0.049) (0.049) (0.049) (0.049) (0.049) (0.049) (0.049) (0.048)
Borrower Has Credit Rating 0.035∗∗∗ 0.035∗∗∗ 0.035∗∗∗ 0.035∗∗∗ 0.035∗∗∗ 0.035∗∗∗ 0.036∗∗∗ 0.035∗∗∗

(0.012) (0.011) (0.012) (0.011) (0.012) (0.011) (0.012) (0.011)
ln(Loan Size) -0.097∗∗∗ -0.098∗∗∗ -0.097∗∗∗ -0.097∗∗∗ -0.097∗∗∗ -0.097∗∗∗ -0.097∗∗∗ -0.097∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
ln(Loan Maturity) 0.014∗ 0.014∗∗ 0.014∗ 0.014∗∗ 0.014∗ 0.014∗∗ 0.014∗ 0.014∗∗

(0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
Loan Secured 0.386∗∗∗ 0.384∗∗∗ 0.385∗∗∗ 0.384∗∗∗ 0.385∗∗∗ 0.383∗∗∗ 0.384∗∗∗ 0.383∗∗∗

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 36,166 36,166 36,166 36,166 36,166 36,166 36,166 36,166
Adjusted R2 0.654 0.655 0.654 0.655 0.655 0.655 0.655 0.656
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Table 2.A2: Borrower Technology Similarity and Total Loan Cost

Table 2.A2 reports the results of regressing the natural logarithm of total loan costs from Berg et al.
(2016) on borrower technology similarity. Specifically, column (1) controls for the borrower’s segment similarity
with bank’s prior borrowers. Columns (2) through (4) control for competition faced by the borrower using
three of Hoberg and Phillips (2016) product market competition measures, respectively. Columns (5) to (7)
additionally control for the borrower’s patent stock. In all specifications, we control for the bank-borrower prior
lending relationship, borrower characteristics, loan characteristics, and fixed effects for loan type, loan purpose,
borrower industry – year, and lender. Definitions of the variables are provided in Table 2.A1 in the Appendix.
Numbers in parentheses are heteroskedasticity-robust standard errors clustered at the borrower level. ***, **,
and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity -0.433∗∗∗ -0.454∗∗∗ -0.406∗∗∗ -0.413∗∗∗ -0.387∗∗∗ -0.385∗∗∗ -0.394∗∗∗ -0.359∗∗∗

(0.118) (0.121) (0.117) (0.118) (0.118) (0.121) (0.123) (0.122)
Segment Similarity 0.128 0.120 0.125 0.099

(0.123) (0.121) (0.122) (0.121)
Borrower Product Market HHI -0.123∗∗∗ -0.123∗∗∗

(0.023) (0.023)
Borrower Product Market Similarity 0.007∗∗∗ 0.007∗∗∗

(0.002) (0.002)
Borrower Product Market Fluidity 0.015∗∗∗ 0.015∗∗∗

(0.002) (0.002)
Borrower Patent Stock -0.000 -0.000 -0.001

(0.003) (0.003) (0.003)
Borrower Patent Value -0.001∗∗ -0.001∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Prior Relationship -0.019∗ -0.021∗ -0.020∗ -0.020∗ -0.020∗ -0.023∗∗ -0.023∗ -0.022∗

(0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012)
Borrower Size -0.096∗∗∗ -0.096∗∗∗ -0.100∗∗∗ -0.098∗∗∗ -0.101∗∗∗ -0.097∗∗∗ -0.095∗∗∗ -0.098∗∗∗

(0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
Borrower Leverage 0.678∗∗∗ 0.678∗∗∗ 0.689∗∗∗ 0.683∗∗∗ 0.684∗∗∗ 0.684∗∗∗ 0.677∗∗∗ 0.678∗∗∗

(0.034) (0.034) (0.034) (0.034) (0.034) (0.034) (0.034) (0.034)
Borrower Z-score -3.929∗∗∗ -3.921∗∗∗ -3.761∗∗∗ -3.679∗∗∗ -3.212∗∗∗ -3.793∗∗∗ -3.711∗∗∗ -3.239∗∗∗

(0.562) (0.562) (0.562) (0.561) (0.566) (0.561) (0.560) (0.566)
Borrower Profitability -1.171∗∗∗ -1.171∗∗∗ -1.173∗∗∗ -1.170∗∗∗ -1.186∗∗∗ -1.156∗∗∗ -1.154∗∗∗ -1.169∗∗∗

(0.077) (0.077) (0.077) (0.077) (0.077) (0.077) (0.077) (0.077)
Borrower Market-to-Book -0.578∗∗∗ -0.579∗∗∗ -0.558∗∗∗ -0.596∗∗∗ -0.607∗∗∗ -0.522∗∗∗ -0.561∗∗∗ -0.570∗∗∗

(0.125) (0.125) (0.124) (0.124) (0.124) (0.123) (0.123) (0.123)
Borrower Cash 0.005 0.004 -0.030 -0.020 -0.056 -0.027 -0.017 -0.053

(0.067) (0.067) (0.066) (0.067) (0.066) (0.066) (0.066) (0.066)
Borrower Has Credit Rating -0.022 -0.022 -0.022 -0.022 -0.022 -0.023∗ -0.023∗ -0.024∗

(0.014) (0.014) (0.014) (0.014) (0.014) (0.014) (0.014) (0.014)
ln(Loan Size) -0.042∗∗∗ -0.042∗∗∗ -0.043∗∗∗ -0.043∗∗∗ -0.042∗∗∗ -0.043∗∗∗ -0.043∗∗∗ -0.042∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
ln(Loan Maturity) -0.208∗∗∗ -0.208∗∗∗ -0.207∗∗∗ -0.207∗∗∗ -0.207∗∗∗ -0.209∗∗∗ -0.209∗∗∗ -0.209∗∗∗

(0.009) (0.009) (0.009) (0.008) (0.008) (0.009) (0.009) (0.009)
Loan Secured 0.509∗∗∗ 0.509∗∗∗ 0.506∗∗∗ 0.507∗∗∗ 0.502∗∗∗ 0.506∗∗∗ 0.507∗∗∗ 0.502∗∗∗

(0.012) (0.012) (0.012) (0.013) (0.013) (0.012) (0.012) (0.013)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 17,469 17,469 17,469 17,469 17,469 17,469 17,469 17,469
Adjusted R2 0.804 0.804 0.805 0.805 0.806 0.805 0.805 0.806
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Table 2.A3: Alternative Industry Definition

Table 2.A3 reports the results of regressing the natural logarithm of all-in-drawn loan spreads on the
borrower technology similarity measure using alternative industry definitions. Specifically, Panel A use the
Fama-French 48 industry classification. Columns (1) to (4) report the results controlling for industry–year
fixed effects. Columns (5) to (8) control for borrower industry–lender–year fixed effects. Panel B employs
Hoberg and Phillips (2016) 10-K text-based fixed industries with 100 classifications. In all specifications, we
control for borrower characteristics, loan-level characteristics, bank-borrower prior lending relationship, borrower
characteristics, loan characteristics, and fixed effects for loan type and loan purpose. Definitions of the variables
are provided in Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust standard
errors clustered at the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10%
levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Panel A: Fama-French 48 Industry (FF48)
Technology Similarity -0.294∗∗∗ -0.242∗∗∗ -0.258∗∗∗ -0.223∗∗ -0.347∗∗∗ -0.300∗∗ -0.319∗∗∗ -0.297∗∗

(0.094) (0.092) (0.093) (0.092) (0.125) (0.121) (0.124) (0.122)
Segment Similarity 0.166∗ 0.143

(0.087) (0.148)
Borrower Product Market HHI -0.105∗∗∗ -0.116∗∗∗

(0.019) (0.024)
Borrower Product Market Similarity 0.005∗∗∗ 0.004∗∗

(0.001) (0.002)
Borrower Product Market Fluidity 0.015∗∗∗ 0.013∗∗∗

(0.002) (0.002)
Borrower-level and Loan-level Controls Yes Yes Yes Yes Yes Yes Yes Yes
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
FF48 Industry × Year Fixed Effects Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes
Lender × FF48 Industry × Year Fixed Effects Yes Yes Yes Yes
Observations 36,049 36,049 36,049 36,049 32,117 32,117 32,117 32,117
Adjusted R2 0.655 0.655 0.655 0.657 0.730 0.731 0.731 0.732

Panel B: Text-based Fixed Industry 100 Classifications (FIC100)
Technology Similarity -0.330∗∗∗ -0.281∗∗∗ -0.293∗∗∗ -0.270∗∗∗ -0.393∗∗∗ -0.354∗∗∗ -0.375∗∗∗ -0.349∗∗∗

(0.094) (0.092) (0.093) (0.092) (0.134) (0.132) (0.133) (0.131)
Segment Similarity 0.196∗∗ 0.051

(0.090) (0.162)
Borrower Product Market HHI -0.095∗∗∗ -0.123∗∗∗

(0.020) (0.027)
Borrower Product Market Similarity 0.004∗∗ 0.003∗

(0.001) (0.002)
Borrower Product Market Fluidity 0.015∗∗∗ 0.015∗∗∗

(0.002) (0.002)
Borrower-level and Loan-level Controls Yes Yes Yes Yes Yes Yes Yes Yes
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
FIC100 Industry × Year Fixed Effects Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes
Lender × FIC100 Industry × Year Fixed Effects Yes Yes Yes Yes
Observations 35,935 35,935 35,935 35,935 30,592 30,592 30,592 30,592
Adjusted R2 0.662 0.662 0.662 0.664 0.747 0.747 0.747 0.748
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Table 2.A4: Alternative Borrower Technology Similarity Measure

Table 2.A4 reports the results of regressing the natural logarithm of all-in-drawn loan spreads on the al-
ternative technology similarity measure calculated as the pairwise similarity between the borrower and the
aggregate patent portfolio of the bank’s recent borrowers within the 5-year window. Specifically, column
(1) reports the baseline result. Column (2) controls for the borrower’s segment similarity with bank’s prior
borrowers. Columns (3) through (5) control for the competition faced by the borrower using three of Hoberg and
Phillips (2016) product market competition measures, respectively. Columns (6) to (8) additionally control for
the borrower’s patent value and patent stock, as well as the segment similarity. In all specifications, we control
for bank-borrower prior lending relationship, borrower characteristics, loan characteristics, and fixed effects
for loan type, loan purpose, borrower industry – year, and lender. Definitions of the variables are provided in
Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust standard errors clustered at
the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity (Portfolio) -0.135∗∗∗ -0.143∗∗∗ -0.129∗∗∗ -0.132∗∗∗ -0.124∗∗∗ -0.102∗∗∗ -0.104∗∗∗ -0.095∗∗∗

(0.034) (0.034) (0.033) (0.034) (0.033) (0.034) (0.034) (0.034)
Segment Similarity (Portfolio) 0.109∗∗∗ 0.094∗∗ 0.094∗∗ 0.078∗∗

(0.041) (0.040) (0.040) (0.040)
Borrower Product Market HHI -0.113∗∗∗ -0.110∗∗∗

(0.020) (0.020)
Borrower Product Market Similarity 0.004∗∗∗ 0.004∗∗∗

(0.001) (0.001)
Borrower Product Market Fluidity 0.014∗∗∗ 0.014∗∗∗

(0.002) (0.002)
Borrower Patent Stock -0.001 -0.001 -0.001

(0.001) (0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Prior Relationship -0.022∗∗ -0.027∗∗ -0.022∗∗ -0.022∗∗ -0.022∗∗ -0.029∗∗∗ -0.029∗∗∗ -0.028∗∗∗

(0.010) (0.011) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Borrower Size -0.085∗∗∗ -0.086∗∗∗ -0.088∗∗∗ -0.086∗∗∗ -0.089∗∗∗ -0.084∗∗∗ -0.081∗∗∗ -0.084∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
Borrower Leverage 0.566∗∗∗ 0.567∗∗∗ 0.574∗∗∗ 0.569∗∗∗ 0.571∗∗∗ 0.565∗∗∗ 0.560∗∗∗ 0.561∗∗∗

(0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026)
Borrower Z-score -2.005∗∗∗ -1.940∗∗∗ -1.817∗∗∗ -1.839∗∗∗ -1.369∗∗∗ -1.855∗∗∗ -1.876∗∗∗ -1.415∗∗∗

(0.442) (0.442) (0.440) (0.445) (0.446) (0.438) (0.442) (0.444)
Borrower Profitability -1.136∗∗∗ -1.138∗∗∗ -1.139∗∗∗ -1.137∗∗∗ -1.143∗∗∗ -1.115∗∗∗ -1.113∗∗∗ -1.118∗∗∗

(0.063) (0.063) (0.063) (0.063) (0.063) (0.062) (0.062) (0.062)
Borrower Market-to-Book -0.324∗∗∗ -0.323∗∗∗ -0.315∗∗∗ -0.332∗∗∗ -0.339∗∗∗ -0.275∗∗∗ -0.291∗∗∗ -0.298∗∗∗

(0.073) (0.073) (0.073) (0.073) (0.074) (0.070) (0.071) (0.072)
Borrower Cash 0.095∗ 0.091∗ 0.065 0.080 0.041 0.065 0.079 0.041

(0.049) (0.049) (0.049) (0.049) (0.049) (0.048) (0.049) (0.048)
Borrower Has Credit Rating 0.039∗∗∗ 0.039∗∗∗ 0.039∗∗∗ 0.039∗∗∗ 0.040∗∗∗ 0.035∗∗∗ 0.035∗∗∗ 0.036∗∗∗

(0.012) (0.012) (0.011) (0.012) (0.011) (0.011) (0.012) (0.011)
ln(Loan Size) -0.096∗∗∗ -0.096∗∗∗ -0.097∗∗∗ -0.097∗∗∗ -0.097∗∗∗ -0.097∗∗∗ -0.097∗∗∗ -0.097∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
ln(Loan Maturity) 0.016∗∗ 0.016∗∗ 0.016∗∗ 0.016∗∗ 0.016∗∗ 0.014∗ 0.014∗ 0.014∗

(0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
Loan Secured 0.385∗∗∗ 0.384∗∗∗ 0.383∗∗∗ 0.384∗∗∗ 0.380∗∗∗ 0.382∗∗∗ 0.383∗∗∗ 0.379∗∗∗

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 36,166 36,166 36,166 36,166 36,166 36,166 36,166 36,166
Adjusted R2 0.653 0.653 0.654 0.653 0.655 0.656 0.655 0.657
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Table 2.A5: Alternative Borrower Technology Similarity Measure Controlling for
Time-varying Bank Industry Specialization

Table 2.A5 reports the results of regressing the natural logarithm of all-in-drawn loan spreads on the al-
ternative technology similarity measure calculated as the pairwise similarity between the borrower and the
aggregate patent portfolio of the bank’s recent borrowers within the 5-year window. Specifically, column
(1) reports the baseline result. Column (2) controls for the borrower’s segment similarity with bank’s prior
borrowers. Columns (3) through (5) control for the competition faced by the borrower using three of Hoberg
and Phillips (2016) product market competition measures, respectively. Columns (6) to (8) additionally control
for the borrower’s patent value and patent stock, as well as the segment similarity. In all specifications, we
control for bank-borrower prior lending relationship, borrower characteristics, loan characteristics, and fixed
effects for loan type, loan purpose, borrower industry–lender–year. Definitions of the variables are provided in
Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust standard errors clustered at
the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity (Portfolio) -0.150∗∗∗ -0.154∗∗∗ -0.143∗∗∗ -0.146∗∗∗ -0.137∗∗∗ -0.112∗∗∗ -0.114∗∗∗ -0.103∗∗

(0.042) (0.042) (0.042) (0.042) (0.042) (0.042) (0.043) (0.043)
Segment Similarity (Portfolio) 0.102 0.088 0.095 0.062

(0.066) (0.066) (0.066) (0.066)
Borrower Product Market HHI -0.151∗∗∗ -0.149∗∗∗

(0.025) (0.025)
Borrower Product Market Similarity 0.004∗∗∗ 0.004∗∗∗

(0.002) (0.002)
Borrower Product Market Fluidity 0.016∗∗∗ 0.016∗∗∗

(0.002) (0.002)
Borrower Patent Stock -0.001 -0.001 -0.001

(0.001) (0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Prior Relationship -0.046∗∗∗ -0.049∗∗∗ -0.047∗∗∗ -0.047∗∗∗ -0.046∗∗∗ -0.051∗∗∗ -0.051∗∗∗ -0.050∗∗∗

(0.014) (0.014) (0.014) (0.014) (0.014) (0.014) (0.014) (0.014)
Borrower Size -0.093∗∗∗ -0.093∗∗∗ -0.097∗∗∗ -0.093∗∗∗ -0.097∗∗∗ -0.091∗∗∗ -0.088∗∗∗ -0.091∗∗∗

(0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006)
Borrower Leverage 0.677∗∗∗ 0.678∗∗∗ 0.685∗∗∗ 0.679∗∗∗ 0.678∗∗∗ 0.672∗∗∗ 0.666∗∗∗ 0.664∗∗∗

(0.033) (0.033) (0.033) (0.033) (0.032) (0.032) (0.033) (0.032)
Borrower Z-score -2.915∗∗∗ -2.856∗∗∗ -2.659∗∗∗ -2.719∗∗∗ -2.226∗∗∗ -2.736∗∗∗ -2.783∗∗∗ -2.309∗∗∗

(0.537) (0.537) (0.536) (0.541) (0.544) (0.533) (0.537) (0.541)
Borrower Profitability -1.184∗∗∗ -1.188∗∗∗ -1.187∗∗∗ -1.187∗∗∗ -1.192∗∗∗ -1.159∗∗∗ -1.159∗∗∗ -1.163∗∗∗

(0.083) (0.082) (0.082) (0.083) (0.083) (0.081) (0.082) (0.081)
Borrower Market-to-Book -0.382∗∗∗ -0.383∗∗∗ -0.376∗∗∗ -0.391∗∗∗ -0.392∗∗∗ -0.340∗∗∗ -0.355∗∗∗ -0.354∗∗∗

(0.087) (0.087) (0.086) (0.088) (0.089) (0.084) (0.085) (0.086)
Borrower Cash 0.163∗∗ 0.158∗∗ 0.123∗ 0.147∗∗ 0.103 0.121∗ 0.144∗∗ 0.101

(0.064) (0.064) (0.063) (0.064) (0.063) (0.063) (0.063) (0.063)
ln(Loan Size) -0.080∗∗∗ -0.080∗∗∗ -0.081∗∗∗ -0.081∗∗∗ -0.081∗∗∗ -0.081∗∗∗ -0.081∗∗∗ -0.081∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
ln(Loan Maturity) 0.034∗∗∗ 0.035∗∗∗ 0.034∗∗∗ 0.035∗∗∗ 0.035∗∗∗ 0.033∗∗∗ 0.033∗∗∗ 0.033∗∗∗

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008)
Loan Secured 0.354∗∗∗ 0.354∗∗∗ 0.351∗∗∗ 0.353∗∗∗ 0.349∗∗∗ 0.351∗∗∗ 0.353∗∗∗ 0.349∗∗∗

(0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender × Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 31,578 31,578 31,578 31,578 31,578 31,578 31,578 31,578
Adjusted R2 0.729 0.729 0.730 0.729 0.731 0.731 0.730 0.732
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Table 2.A6: Maximum Pairwise Borrower Technology Similarity Controlling for
Time-varying Bank Industry Specialization

Table 2.A6 reports the results of regressing the natural logarithm of all-in-drawn loan spreads on the al-
ternative technology similarity measure calculated as the largest pairwise similarity between the borrower and
the bank’s recent borrowers within the 5-year window, additionally controlling for time-varying bank industry
specialization via lender times industry times year fixed effects. Definitions of the variables are provided in
Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust standard errors clustered at
the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity (Maximum) -0.055∗∗∗ -0.059∗∗∗ -0.054∗∗∗ -0.054∗∗∗ -0.053∗∗∗ -0.040∗∗ -0.039∗∗ -0.037∗∗

(0.017) (0.017) (0.017) (0.017) (0.017) (0.017) (0.017) (0.017)
Segment Similarity (Maximum) 0.018 0.016 0.018 0.014

(0.016) (0.016) (0.016) (0.016)
Borrower Product Market HHI -0.152∗∗∗ -0.151∗∗∗

(0.025) (0.026)
Borrower Product Market Similarity 0.004∗∗∗ 0.005∗∗∗

(0.002) (0.001)
Borrower Product Market Fluidity 0.016∗∗∗ 0.016∗∗∗

(0.002) (0.002)
Borrower Patent Stock -0.001 -0.001 -0.001

(0.001) (0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Borrower Size -0.092∗∗∗ -0.092∗∗∗ -0.096∗∗∗ -0.093∗∗∗ -0.096∗∗∗ -0.091∗∗∗ -0.087∗∗∗ -0.090∗∗∗

(0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006)
Borrower Leverage 0.679∗∗∗ 0.678∗∗∗ 0.687∗∗∗ 0.681∗∗∗ 0.679∗∗∗ 0.671∗∗∗ 0.665∗∗∗ 0.664∗∗∗

(0.033) (0.033) (0.033) (0.033) (0.033) (0.033) (0.033) (0.033)
Borrower Z-score -2.975∗∗∗ -2.969∗∗∗ -2.722∗∗∗ -2.780∗∗∗ -2.279∗∗∗ -2.824∗∗∗ -2.862∗∗∗ -2.372∗∗∗

(0.540) (0.540) (0.539) (0.544) (0.547) (0.536) (0.541) (0.544)
Borrower Profitability -1.181∗∗∗ -1.181∗∗∗ -1.184∗∗∗ -1.184∗∗∗ -1.190∗∗∗ -1.155∗∗∗ -1.155∗∗∗ -1.160∗∗∗

(0.083) (0.083) (0.082) (0.083) (0.083) (0.082) (0.082) (0.082)
Borrower Market-to-Book -0.382∗∗∗ -0.383∗∗∗ -0.376∗∗∗ -0.392∗∗∗ -0.391∗∗∗ -0.339∗∗∗ -0.355∗∗∗ -0.353∗∗∗

(0.087) (0.087) (0.086) (0.088) (0.089) (0.084) (0.085) (0.086)
Borrower Cash 0.178∗∗∗ 0.179∗∗∗ 0.138∗∗ 0.162∗∗ 0.118∗ 0.140∗∗ 0.162∗∗ 0.118∗

(0.064) (0.064) (0.064) (0.064) (0.063) (0.063) (0.063) (0.063)
ln(Loan Size) -0.081∗∗∗ -0.081∗∗∗ -0.082∗∗∗ -0.082∗∗∗ -0.082∗∗∗ -0.082∗∗∗ -0.082∗∗∗ -0.082∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
ln(Loan Maturity) 0.035∗∗∗ 0.035∗∗∗ 0.035∗∗∗ 0.036∗∗∗ 0.035∗∗∗ 0.033∗∗∗ 0.034∗∗∗ 0.033∗∗∗

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008)
Loan Secured 0.356∗∗∗ 0.356∗∗∗ 0.353∗∗∗ 0.355∗∗∗ 0.351∗∗∗ 0.353∗∗∗ 0.355∗∗∗ 0.351∗∗∗

(0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Lender Fixed Effects × Year Yes Yes Yes Yes Yes Yes Yes Yes
Observations 31,578 31,578 31,578 31,578 31,578 31,578 31,578 31,578
Adjusted R2 0.728 0.728 0.730 0.729 0.730 0.731 0.730 0.731
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Table 2.A7: Sub-sample Analysis: Removing Firms without Patents

Table 2.A7 reports the sub-sample analysis results where we restrict to the loans to borrowers with
patents. Specifically, column (1) reports the baseline result. Column (2) controls for the borrower’s segment
similarity with bank’s prior borrowers. Columns (3) through (5) control for the competition faced by the
borrower using three of Hoberg and Phillips (2016) product market competition measures, respectively. Columns
(6) to (8) additionally control for the borrower’s patent value and patent stock, as well as the segment similarity.
In all specifications, we control for bank-borrower prior lending relationship, borrower characteristics, loan
characteristics, and fixed effects for loan type, loan purpose, borrower industry – year, and lender. Definitions of
the variables are provided in Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust
standard errors clustered at the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%,
and 10% levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity -0.234∗∗ -0.269∗∗ -0.215∗∗ -0.228∗∗ -0.202∗ -0.201∗ -0.210∗ -0.180∗

(0.107) (0.109) (0.106) (0.107) (0.106) (0.108) (0.109) (0.109)
Segment Similarity 0.224∗ 0.224∗ 0.214∗ 0.193

(0.125) (0.125) (0.124) (0.123)
Borrower Product Market HHI -0.134∗∗∗ -0.135∗∗∗

(0.025) (0.025)
Borrower Product Market Similarity 0.006∗∗∗ 0.006∗∗∗

(0.002) (0.002)
Borrower Product Market Fluidity 0.014∗∗∗ 0.015∗∗∗

(0.003) (0.002)
Borrower Patent Stock -0.000 -0.000 -0.000

(0.001) (0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Prior Relationship -0.027∗ -0.029∗ -0.026∗ -0.026∗ -0.025∗ -0.030∗∗ -0.030∗∗ -0.028∗

(0.015) (0.015) (0.015) (0.015) (0.015) (0.015) (0.015) (0.015)
Borrower Size -0.082∗∗∗ -0.082∗∗∗ -0.087∗∗∗ -0.083∗∗∗ -0.086∗∗∗ -0.081∗∗∗ -0.077∗∗∗ -0.080∗∗∗

(0.007) (0.007) (0.007) (0.007) (0.007) (0.008) (0.008) (0.008)
Borrower Leverage 0.645∗∗∗ 0.644∗∗∗ 0.655∗∗∗ 0.652∗∗∗ 0.655∗∗∗ 0.639∗∗∗ 0.636∗∗∗ 0.638∗∗∗

(0.040) (0.040) (0.040) (0.040) (0.040) (0.040) (0.040) (0.040)
Borrower Z-score -1.919∗∗∗ -1.911∗∗∗ -1.624∗∗∗ -1.622∗∗∗ -1.120∗ -1.761∗∗∗ -1.732∗∗∗ -1.239∗∗

(0.593) (0.594) (0.590) (0.600) (0.609) (0.587) (0.595) (0.605)
Borrower Profitability -1.150∗∗∗ -1.148∗∗∗ -1.152∗∗∗ -1.155∗∗∗ -1.169∗∗∗ -1.117∗∗∗ -1.120∗∗∗ -1.134∗∗∗

(0.092) (0.093) (0.092) (0.093) (0.092) (0.090) (0.092) (0.091)
Borrower Market-to-Book -0.520∗∗∗ -0.519∗∗∗ -0.514∗∗∗ -0.533∗∗∗ -0.541∗∗∗ -0.450∗∗∗ -0.468∗∗∗ -0.475∗∗∗

(0.110) (0.110) (0.109) (0.110) (0.111) (0.104) (0.106) (0.107)
Borrower Cash 0.083 0.083 0.033 0.056 0.015 0.038 0.058 0.019

(0.068) (0.068) (0.067) (0.068) (0.067) (0.066) (0.068) (0.067)
Borrower Has Credit Rating 0.022 0.022 0.023 0.023 0.023 0.018 0.018 0.019

(0.017) (0.017) (0.016) (0.017) (0.017) (0.016) (0.017) (0.016)
ln(Loan Size) -0.104∗∗∗ -0.104∗∗∗ -0.105∗∗∗ -0.104∗∗∗ -0.104∗∗∗ -0.105∗∗∗ -0.104∗∗∗ -0.104∗∗∗

(0.007) (0.006) (0.007) (0.007) (0.007) (0.007) (0.006) (0.007)
ln(Loan Maturity) 0.033∗∗∗ 0.033∗∗∗ 0.033∗∗∗ 0.033∗∗∗ 0.033∗∗∗ 0.030∗∗∗ 0.030∗∗∗ 0.030∗∗∗

(0.009) (0.009) (0.009) (0.009) (0.009) (0.009) (0.009) (0.009)
Loan Secured 0.421∗∗∗ 0.421∗∗∗ 0.417∗∗∗ 0.420∗∗∗ 0.415∗∗∗ 0.417∗∗∗ 0.419∗∗∗ 0.415∗∗∗

(0.014) (0.014) (0.014) (0.014) (0.014) (0.014) (0.014) (0.014)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 20,881 20,881 20,881 20,881 20,881 20,881 20,881 20,881
Adjusted R2 0.682 0.682 0.683 0.683 0.684 0.685 0.684 0.685
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Table 2.A8: Sub-sample Analysis: Removing Banks with Few Borrowers and Loans
to Major Customers

Table 2.A8 reports sub-sample analysis results. Specifically, in columns (1) to (4), we remove the loans
originated by the banks whose numbers of recent borrowers are in the bottom annual quartile. In columns (5) to
(8), we remove the loans where the borrower is a major prior borrower of the bank defined by its loan amount
in the top annual quartile. In all specifications, we control for borrower characteristics, loan characteristics, and
fixed effects for loan type, loan purpose, borrower industry – year, and lender. Definitions of the variables are
provided in Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust standard errors
clustered at the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels,
respectively.

Remove banks with few recent borrowers Remove loans to major prior borrowers
(1) (2) (3) (4) (5) (6) (7) (8)

Technology Similarity -0.348∗∗∗ -0.317∗∗∗ -0.343∗∗∗ -0.309∗∗∗ -0.386∗∗∗ -0.334∗∗∗ -0.386∗∗∗ -0.331∗∗∗

(0.098) (0.096) (0.098) (0.096) (0.106) (0.103) (0.106) (0.103)
Segment Similarity 0.132 0.158 0.249∗∗ 0.249∗∗

(0.106) (0.106) (0.117) (0.117)
Borrower Product Market HHI -0.104∗∗∗ -0.104∗∗∗ -0.096∗∗∗ -0.096∗∗∗

(0.021) (0.021) (0.022) (0.022)
Prior Relationship -0.037∗∗∗ -0.036∗∗∗ -0.036∗∗∗ -0.036∗∗∗ -0.035∗∗∗

(0.011) (0.011) (0.013) (0.013) (0.013)
Borrower Size -0.078∗∗∗ -0.081∗∗∗ -0.079∗∗∗ -0.082∗∗∗ -0.073∗∗∗ -0.075∗∗∗ -0.073∗∗∗ -0.076∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.006) (0.006) (0.006) (0.006)
Borrower Leverage 0.552∗∗∗ 0.560∗∗∗ 0.554∗∗∗ 0.561∗∗∗ 0.546∗∗∗ 0.552∗∗∗ 0.546∗∗∗ 0.553∗∗∗

(0.028) (0.028) (0.027) (0.027) (0.027) (0.027) (0.027) (0.027)
Borrower Z-score -2.285∗∗∗ -2.121∗∗∗ -2.239∗∗∗ -2.079∗∗∗ -2.434∗∗∗ -2.324∗∗∗ -2.434∗∗∗ -2.289∗∗∗

(0.453) (0.451) (0.453) (0.451) (0.466) (0.466) (0.466) (0.465)
Borrower Profitability -1.133∗∗∗ -1.137∗∗∗ -1.129∗∗∗ -1.132∗∗∗ -1.007∗∗∗ -1.013∗∗∗ -1.007∗∗∗ -1.009∗∗∗

(0.067) (0.066) (0.067) (0.066) (0.068) (0.068) (0.068) (0.068)
Borrower Market-to-Book -0.318∗∗∗ -0.311∗∗∗ -0.320∗∗∗ -0.313∗∗∗ -0.336∗∗∗ -0.327∗∗∗ -0.336∗∗∗ -0.329∗∗∗

(0.073) (0.072) (0.073) (0.072) (0.078) (0.078) (0.078) (0.078)
Borrower Cash 0.088∗ 0.061 0.078 0.051 0.067 0.047 0.067 0.040

(0.051) (0.051) (0.051) (0.051) (0.052) (0.052) (0.052) (0.052)
Borrower Has Credit Rating 0.036∗∗∗ 0.036∗∗∗ 0.036∗∗∗ 0.036∗∗∗ 0.038∗∗∗ 0.038∗∗∗ 0.038∗∗∗ 0.038∗∗∗

(0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012) (0.012)
ln(Loan Size) -0.097∗∗∗ -0.098∗∗∗ -0.096∗∗∗ -0.097∗∗∗ -0.098∗∗∗ -0.099∗∗∗ -0.098∗∗∗ -0.098∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
ln(Loan Maturity) 0.036∗∗∗ 0.036∗∗∗ 0.035∗∗∗ 0.036∗∗∗ 0.032∗∗∗ 0.033∗∗∗ 0.032∗∗∗ 0.032∗∗∗

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.008)
Loan Secured 0.381∗∗∗ 0.379∗∗∗ 0.380∗∗∗ 0.378∗∗∗ 0.367∗∗∗ 0.366∗∗∗ 0.367∗∗∗ 0.366∗∗∗

(0.010) (0.010) (0.010) (0.010) (0.011) (0.011) (0.011) (0.011)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 32,555 32,555 32,555 32,555 24,316 24,316 24,316 24,316
Adjusted R2 0.658 0.658 0.658 0.659 0.634 0.634 0.634 0.634
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Table 2.A9: Borrower Technology Similarity Based on a High-Value Patent

Table 2.A9 reports the results of regressing the natural logarithm of all-in-drawn loan spreads on bor-
rower technology similarity. To focus on economically significant technological innovations, we construct the
technology similarity measure using only patents with above-median economic value (based on Kogan et al.
(2017) patent value measure) within their technology class-year group. This refined approach helps capture
similarities in valuable technological expertise rather than general patent portfolios. Specifically, column
(1) reports the baseline result. Column (2) controls for the borrower’s segment similarity with bank’s prior
borrowers. Columns (3) through (5) control for the competition faced by the borrower using three of Hoberg and
Phillips (2016) product market competition measures, respectively. Columns (6) to (8) additionally control for
the borrower’s patent value and patent stock, as well as the segment similarity. In all specifications, we control
for bank-borrower prior lending relationship, borrower characteristics, loan characteristics, and fixed effects
for loan type, loan purpose, borrower industry – year, and lender. Definitions of the variables are provided in
Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust standard errors clustered at
the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity (High Value Patents) -0.410∗∗∗ -0.434∗∗∗ -0.408∗∗∗ -0.406∗∗∗ -0.398∗∗∗ -0.334∗∗∗ -0.330∗∗∗ -0.319∗∗∗

(0.113) (0.112) (0.112) (0.112) (0.111) (0.109) (0.110) (0.108)
Segment Similarity (High Value Patents) 0.424∗∗∗ 0.364∗∗∗ 0.361∗∗∗ 0.321∗∗

(0.133) (0.133) (0.132) (0.132)
Borrower Product Market HHI -0.115∗∗∗ -0.113∗∗∗

(0.020) (0.019)
Borrower Product Market Similarity 0.004∗∗∗ 0.004∗∗∗

(0.001) (0.001)
Borrower Product Market Fluidity 0.014∗∗∗ 0.014∗∗∗

(0.002) (0.002)
Borrower Patent Stock -0.001 -0.001 -0.001

(0.001) (0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Prior Relationship -0.019∗ -0.025∗∗ -0.020∗ -0.020∗ -0.020∗ -0.027∗∗∗ -0.027∗∗∗ -0.026∗∗

(0.010) (0.011) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Borrower Size -0.080∗∗∗ -0.081∗∗∗ -0.083∗∗∗ -0.081∗∗∗ -0.084∗∗∗ -0.079∗∗∗ -0.076∗∗∗ -0.079∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
Borrower Leverage 0.579∗∗∗ 0.578∗∗∗ 0.587∗∗∗ 0.582∗∗∗ 0.584∗∗∗ 0.574∗∗∗ 0.569∗∗∗ 0.571∗∗∗

(0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026)
Borrower Z-score -1.998∗∗∗ -1.956∗∗∗ -1.811∗∗∗ -1.829∗∗∗ -1.363∗∗∗ -1.879∗∗∗ -1.893∗∗∗ -1.434∗∗∗

(0.444) (0.444) (0.442) (0.446) (0.448) (0.439) (0.442) (0.444)
Borrower Profitability -1.127∗∗∗ -1.129∗∗∗ -1.130∗∗∗ -1.129∗∗∗ -1.134∗∗∗ -1.107∗∗∗ -1.105∗∗∗ -1.110∗∗∗

(0.063) (0.063) (0.063) (0.063) (0.063) (0.062) (0.062) (0.062)
Borrower Market-to-Book -0.321∗∗∗ -0.321∗∗∗ -0.312∗∗∗ -0.329∗∗∗ -0.335∗∗∗ -0.273∗∗∗ -0.290∗∗∗ -0.296∗∗∗

(0.073) (0.073) (0.073) (0.073) (0.074) (0.070) (0.071) (0.072)
Borrower Cash 0.091∗ 0.088∗ 0.061 0.076 0.038 0.063 0.077 0.040

(0.049) (0.049) (0.049) (0.050) (0.049) (0.049) (0.049) (0.049)
ln(Loan Size) -0.096∗∗∗ -0.095∗∗∗ -0.096∗∗∗ -0.096∗∗∗ -0.096∗∗∗ -0.096∗∗∗ -0.096∗∗∗ -0.096∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
ln(Loan Maturity) 0.016∗∗ 0.017∗∗ 0.017∗∗ 0.017∗∗ 0.017∗∗ 0.014∗∗ 0.014∗ 0.014∗

(0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
Loan Secured 0.387∗∗∗ 0.387∗∗∗ 0.385∗∗∗ 0.386∗∗∗ 0.382∗∗∗ 0.385∗∗∗ 0.386∗∗∗ 0.381∗∗∗

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 36,166 36,166 36,166 36,166 36,166 36,166 36,166 36,166
Adjusted R2 0.653 0.653 0.654 0.653 0.655 0.655 0.655 0.656
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Table 2.A10: Borrower Technology Similarity Based on High Citation Patents

Table 2.A10 reports the results of regressing the natural logarithm of all-in-drawn loan spreads on bor-
rower technology similarity. To focus on influential technological innovations, we construct the technology
similarity measure using only patents with above-median citations within their technology class-year group.
This refined approach helps capture similarities in impactful technological expertise rather than general patent
portfolios. Specifically, column (1) reports the baseline result. Column (2) controls for the borrower’s segment
similarity with bank’s prior borrowers. Columns (3) through (5) control for the competition faced by the
borrower using three of Hoberg and Phillips (2016) product market competition measures, respectively. Columns
(6) to (8) additionally control for the borrower’s patent value and patent stock, as well as the segment similarity.
In all specifications, we control for bank-borrower prior lending relationship, borrower characteristics, loan
characteristics, and fixed effects for loan type, loan purpose, borrower industry – year, and lender. Definitions of
the variables are provided in Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust
standard errors clustered at the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%,
and 10% levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity (High Citation Patents) -0.388∗∗∗ -0.418∗∗∗ -0.380∗∗∗ -0.384∗∗∗ -0.363∗∗∗ -0.327∗∗∗ -0.329∗∗∗ -0.304∗∗∗

(0.086) (0.087) (0.086) (0.086) (0.085) (0.085) (0.086) (0.085)
Segment Similarity (High Citation Patents) 0.450∗∗∗ 0.386∗∗∗ 0.384∗∗∗ 0.341∗∗

(0.134) (0.134) (0.133) (0.132)
Borrower Product Market HHI -0.114∗∗∗ -0.112∗∗∗

(0.020) (0.020)
Borrower Product Market Similarity 0.004∗∗∗ 0.004∗∗∗

(0.001) (0.001)
Borrower Product Market Fluidity 0.014∗∗∗ 0.014∗∗∗

(0.002) (0.002)
Borrower Patent Stock -0.000 -0.000 -0.001

(0.001) (0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Prior Relationship -0.019∗ -0.025∗∗ -0.019∗ -0.019∗ -0.019∗ -0.027∗∗ -0.027∗∗ -0.026∗∗

(0.010) (0.011) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Borrower Size -0.081∗∗∗ -0.082∗∗∗ -0.084∗∗∗ -0.082∗∗∗ -0.085∗∗∗ -0.079∗∗∗ -0.077∗∗∗ -0.080∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
Borrower Leverage 0.580∗∗∗ 0.578∗∗∗ 0.587∗∗∗ 0.583∗∗∗ 0.585∗∗∗ 0.575∗∗∗ 0.570∗∗∗ 0.572∗∗∗

(0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026)
Borrower Z-score -2.053∗∗∗ -2.014∗∗∗ -1.865∗∗∗ -1.883∗∗∗ -1.418∗∗∗ -1.925∗∗∗ -1.940∗∗∗ -1.482∗∗∗

(0.444) (0.443) (0.442) (0.446) (0.448) (0.439) (0.442) (0.444)
Borrower Profitability -1.126∗∗∗ -1.128∗∗∗ -1.129∗∗∗ -1.128∗∗∗ -1.134∗∗∗ -1.106∗∗∗ -1.104∗∗∗ -1.110∗∗∗

(0.063) (0.063) (0.063) (0.063) (0.063) (0.062) (0.062) (0.062)
Borrower Market-to-Book -0.327∗∗∗ -0.327∗∗∗ -0.318∗∗∗ -0.335∗∗∗ -0.341∗∗∗ -0.278∗∗∗ -0.294∗∗∗ -0.300∗∗∗

(0.073) (0.073) (0.073) (0.073) (0.074) (0.070) (0.071) (0.072)
Borrower Cash 0.093∗ 0.090∗ 0.063 0.078 0.040 0.065 0.079 0.041

(0.049) (0.049) (0.049) (0.049) (0.049) (0.049) (0.049) (0.048)
ln(Loan Size) -0.096∗∗∗ -0.096∗∗∗ -0.097∗∗∗ -0.096∗∗∗ -0.096∗∗∗ -0.097∗∗∗ -0.096∗∗∗ -0.097∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
ln(Loan Maturity) 0.017∗∗ 0.017∗∗ 0.018∗∗ 0.017∗∗ 0.017∗∗ 0.015∗∗ 0.015∗∗ 0.015∗∗

(0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
Loan Secured 0.387∗∗∗ 0.386∗∗∗ 0.385∗∗∗ 0.386∗∗∗ 0.382∗∗∗ 0.384∗∗∗ 0.385∗∗∗ 0.381∗∗∗

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 36,166 36,166 36,166 36,166 36,166 36,166 36,166 36,166
Adjusted R2 0.653 0.653 0.654 0.653 0.655 0.655 0.655 0.656
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Table 2.A11: Borrower Technology Similarity and Loan Spread Controlling for
Non-bank Lenders

Table 2.A11 reports the results of regressing the natural logarithm of all-in-drawn loan spreads on bor-
rower technology similarity controlling for the proportion of non-bank lenders on each loans. Specifically, column
(1) reports the baseline result. Column (2) controls for the borrower’s segment similarity with bank’s prior
borrowers. Columns (3) through (5) control for the competition faced by the borrower using three of Hoberg and
Phillips (2016) product market competition measures, respectively. Columns (6) to (8) additionally control for
the borrower’s patent value and patent stock, as well as the segment similarity. In all specifications, we control
for bank-borrower prior lending relationship, borrower characteristics, loan characteristics, and fixed effects
for loan type, loan purpose, borrower industry – year, and lender. Definitions of the variables are provided in
Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust standard errors clustered at
the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity -0.392∗∗∗ -0.425∗∗∗ -0.374∗∗∗ -0.385∗∗∗ -0.362∗∗∗ -0.322∗∗∗ -0.331∗∗∗ -0.304∗∗∗

(0.093) (0.094) (0.092) (0.093) (0.092) (0.094) (0.095) (0.094)
Segment Similarity 0.229∗∗ 0.223∗∗ 0.225∗∗ 0.200∗∗

(0.093) (0.093) (0.093) (0.091)
Borrower Product Market HHI -0.113∗∗∗ -0.113∗∗∗

(0.020) (0.020)
Borrower Product Market Similarity 0.004∗∗∗ 0.004∗∗∗

(0.001) (0.001)
Borrower Product Market Fluidity 0.014∗∗∗ 0.014∗∗∗

(0.002) (0.002)
Borrower Patent Stock -0.001 -0.001 -0.001

(0.001) (0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Prior Relationship -0.010 -0.012 -0.010 -0.010 -0.010 -0.015 -0.015 -0.015

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Borrower Size -0.089∗∗∗ -0.089∗∗∗ -0.092∗∗∗ -0.090∗∗∗ -0.093∗∗∗ -0.087∗∗∗ -0.084∗∗∗ -0.087∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.006) (0.005) (0.005) (0.005)
Borrower Leverage 0.557∗∗∗ 0.557∗∗∗ 0.565∗∗∗ 0.560∗∗∗ 0.562∗∗∗ 0.555∗∗∗ 0.550∗∗∗ 0.551∗∗∗

(0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026) (0.026)
Borrower Z-score -1.994∗∗∗ -1.970∗∗∗ -1.805∗∗∗ -1.818∗∗∗ -1.358∗∗∗ -1.875∗∗∗ -1.877∗∗∗ -1.425∗∗∗

(0.442) (0.443) (0.440) (0.445) (0.446) (0.438) (0.442) (0.444)
Borrower Profitability -1.128∗∗∗ -1.127∗∗∗ -1.131∗∗∗ -1.129∗∗∗ -1.135∗∗∗ -1.104∗∗∗ -1.102∗∗∗ -1.107∗∗∗

(0.063) (0.063) (0.063) (0.063) (0.063) (0.062) (0.062) (0.062)
Borrower Market-to-Book -0.325∗∗∗ -0.325∗∗∗ -0.316∗∗∗ -0.333∗∗∗ -0.340∗∗∗ -0.276∗∗∗ -0.293∗∗∗ -0.299∗∗∗

(0.073) (0.073) (0.072) (0.073) (0.074) (0.070) (0.071) (0.071)
Borrower Cash 0.093∗ 0.094∗ 0.064 0.078 0.040 0.068 0.081∗ 0.044

(0.049) (0.049) (0.049) (0.049) (0.049) (0.048) (0.049) (0.048)
Borrower Has Credit Rating 0.040∗∗∗ 0.040∗∗∗ 0.040∗∗∗ 0.040∗∗∗ 0.041∗∗∗ 0.037∗∗∗ 0.037∗∗∗ 0.037∗∗∗

(0.012) (0.012) (0.012) (0.012) (0.012) (0.011) (0.012) (0.011)
ln(Loan Size) -0.099∗∗∗ -0.099∗∗∗ -0.100∗∗∗ -0.100∗∗∗ -0.100∗∗∗ -0.100∗∗∗ -0.100∗∗∗ -0.100∗∗∗

(0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
ln(Loan Maturity) 0.015∗∗ 0.015∗∗ 0.016∗∗ 0.015∗∗ 0.015∗∗ 0.013∗ 0.013∗ 0.012∗

(0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
Loan Secured 0.384∗∗∗ 0.384∗∗∗ 0.382∗∗∗ 0.383∗∗∗ 0.379∗∗∗ 0.382∗∗∗ 0.383∗∗∗ 0.379∗∗∗

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Non-bank Lenders 0.021∗∗∗ 0.021∗∗∗ 0.021∗∗∗ 0.021∗∗∗ 0.021∗∗∗ 0.021∗∗∗ 0.021∗∗∗ 0.021∗∗∗

(0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 36,166 36,166 36,166 36,166 36,166 36,166 36,166 36,166
Adjusted R2 0.654 0.654 0.655 0.654 0.656 0.657 0.656 0.658
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Table 2.A12: Placebo Test: Technology Similarity with Future Borrowers

Table 2.A12 reports the results of regressing the natural logarithm of all-in-drawn loan spreads on the
technology similarity of current borrower with future borrowers from five years to ten years after loan origination.
Specifically, column (1) reports the baseline result. Column (2) controls for the borrower’s segment similarity
with bank’s prior borrowers. Columns (3) through (5) control for the competition faced by the borrower
using three of Hoberg and Phillips (2016) product market competition measures, respectively. Columns (6)
to (8) additionally control for the borrower’s patent value and patent stock, as well as the segment similarity.
In all specifications, we control for bank-borrower prior lending relationship, borrower characteristics, loan
characteristics, and fixed effects for loan type, loan purpose, borrower industry – year, and lender. Definitions of
the variables are provided in Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust
standard errors clustered at the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%,
and 10% levels, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Technology Similarity (Future Borrowers) -0.161 -0.162 -0.163 -0.159 -0.140 -0.165 -0.161 -0.140

(0.103) (0.104) (0.103) (0.103) (0.102) (0.103) (0.103) (0.102)
Segment Similarity (Future Borrowers) 0.038 0.021 0.029 0.013

(0.232) (0.229) (0.230) (0.232)
Borrower Product Market HHI -0.107∗∗∗ -0.110∗∗∗

(0.028) (0.028)
Borrower Product Market Similarity 0.003 0.004∗

(0.002) (0.002)
Borrower Product Market Fluidity 0.011∗∗∗ 0.011∗∗∗

(0.003) (0.003)
Borrower Patent Stock -0.000 -0.000 -0.000

(0.001) (0.001) (0.001)
Borrower Patent Value -0.001∗∗∗ -0.001∗∗∗ -0.001∗∗∗

(0.000) (0.000) (0.000)
Prior Relationship -0.049∗∗∗ -0.049∗∗∗ -0.049∗∗∗ -0.049∗∗∗ -0.048∗∗∗ -0.049∗∗∗ -0.050∗∗∗ -0.048∗∗∗

(0.018) (0.018) (0.017) (0.018) (0.018) (0.017) (0.017) (0.017)
Borrower Size -0.075∗∗∗ -0.075∗∗∗ -0.079∗∗∗ -0.076∗∗∗ -0.078∗∗∗ -0.071∗∗∗ -0.067∗∗∗ -0.070∗∗∗

(0.007) (0.007) (0.008) (0.007) (0.008) (0.008) (0.008) (0.008)
Borrower Leverage 0.651∗∗∗ 0.651∗∗∗ 0.661∗∗∗ 0.656∗∗∗ 0.662∗∗∗ 0.640∗∗∗ 0.635∗∗∗ 0.641∗∗∗

(0.046) (0.046) (0.046) (0.045) (0.045) (0.046) (0.045) (0.045)
Borrower Z-score -1.484∗∗ -1.482∗∗ -1.188∗ -1.317∗∗ -0.889 -1.355∗∗ -1.441∗∗ -1.027

(0.663) (0.662) (0.665) (0.671) (0.688) (0.659) (0.663) (0.681)
Borrower Profitability -1.336∗∗∗ -1.336∗∗∗ -1.344∗∗∗ -1.340∗∗∗ -1.352∗∗∗ -1.298∗∗∗ -1.294∗∗∗ -1.306∗∗∗

(0.104) (0.104) (0.104) (0.104) (0.104) (0.102) (0.102) (0.102)
Borrower Market-to-Book -0.385∗∗∗ -0.385∗∗∗ -0.379∗∗∗ -0.390∗∗∗ -0.396∗∗∗ -0.303∗∗∗ -0.314∗∗∗ -0.319∗∗∗

(0.110) (0.110) (0.109) (0.110) (0.111) (0.103) (0.104) (0.105)
Borrower Cash 0.036 0.036 -0.004 0.020 -0.014 0.008 0.030 -0.002

(0.078) (0.078) (0.077) (0.078) (0.077) (0.075) (0.077) (0.076)
ln(Loan Size) -0.110∗∗∗ -0.110∗∗∗ -0.111∗∗∗ -0.110∗∗∗ -0.110∗∗∗ -0.111∗∗∗ -0.110∗∗∗ -0.110∗∗∗

(0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007) (0.007)
ln(Loan Maturity) 0.048∗∗∗ 0.048∗∗∗ 0.048∗∗∗ 0.048∗∗∗ 0.048∗∗∗ 0.045∗∗∗ 0.045∗∗∗ 0.045∗∗∗

(0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010) (0.010)
Loan Secured 0.409∗∗∗ 0.409∗∗∗ 0.406∗∗∗ 0.408∗∗∗ 0.405∗∗∗ 0.404∗∗∗ 0.407∗∗∗ 0.404∗∗∗

(0.015) (0.015) (0.015) (0.015) (0.015) (0.015) (0.015) (0.015)
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Borrower Industry × Year Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 17,108 17,108 17,108 17,108 17,108 17,108 17,108 17,108
Adjusted R2 0.688 0.688 0.689 0.688 0.689 0.691 0.690 0.691
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Table 2.A13: List of Bank Mergers and Acquisitions (M&A) Events

Table 2.A13 lists the M&A events used for the difference-in-differences estimations in Table 2.5.

Event Year Acquirer Bank Target Bank
1996 JPMorgan Chase Bank Chase Manhattan Corp
1996 JPMorgan Chase Bank Chemical Securities Asia
1996 JPMorgan Chase Bank Chase Manhattan Bank of Canada
1996 JPMorgan Chase Bank Chase Manhattan Plc
1996 JPMorgan Chase Bank Chase Manhattan Asia Ltd
1996 JPMorgan Chase Bank Chase Manhattan Australia
1996 JPMorgan Chase Bank Chemical Bank
1996 JPMorgan Chase Bank Chase Securities
1996 JPMorgan Chase Bank Chase Manhattan Bank
1996 JPMorgan Chase Bank Chase Manhattan Australia
1996 JPMorgan Chase Bank Chase Securities
1996 JPMorgan Chase Bank Chemical Bank of Canada
1996 JPMorgan Chase Bank Chemical Bank Australia
1996 JPMorgan Chase Bank Chase Manhattan Investment Bank Ltd
1996 JPMorgan Chase Bank Chemical Bank New Jersey NA
1996 JPMorgan Chase Bank Chase Manhattan Bank of Canada
1996 JPMorgan Chase Bank Chase Securities Australia
1996 JPMorgan Chase Bank Chase Manhattan Bank
1997 Bankers Trust Co BT Alex Brown Inc
1998 Bank of the West First Hawaiian Bank
1998 Norwest Bank Foothill Capital Corp
1998 Norwest Bank Wells Fargo - Texas
1998 Norwest Bank Wells Fargo Bank Texas NA
1998 Norwest Bank Foothill Group
1998 Norwest Bank Wells Fargo Bank
1999 Fleet Bank Bank Boston Trust Co
1999 Fleet Bank Michigan National Bank
1999 Fleet Bank BankBoston NA
1999 Fleet Bank Bank Boston
1999 Fleet Bank Shawmut Bank Connecticut
1999 Fleet Bank BankBoston Corp
1999 Fleet Bank BankBoston Retail Finance Inc
1999 Fleet Bank Shawmut Capital Corp
1999 Fleet Bank BankBoston Capital
1999 Fleet Bank Bank Boston Singapore
2004 National City Bank Provident Bank
2005 Zions Bank Amegy Bank NA
2006 Regions AmSouth Bank
2008 PNC Bank National City Bank
2008 PNC Bank National City Business Credit
2008 Barclays Lehman Commercial Paper Inc
2015 Royal Bank of Canada City National Bank
2016 KeyBank First Niagara Financial Group Inc
2016 KeyBank First Niagara Bank
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Table 2.A14: Comparison of Treated and Control Banks

Table 2.A14 shows the t-tests to examine whether the treated and control banks are comparable after
propensity score matching on bank size, non-deposit leverage, deposits ratio, ROA, total loans, and loan-to-
deposits shortfall. Columns (1) and (2) report the mean value of characteristics for treated and control banks
respectively. Column (3) reports the difference. Columns (4) and (5) report the t-statistic and p-value. Column
(6) reports the number of observations. Definitions of the variables are provided in Table 2.A1 in the Appendix.

Mean t-test Observations
(1) (2) (3) (4) (5) (6)

Variable Treated Control Difference (1)-(2) t p > |t| Total
Bank Size 11.654 11.339 0.315 0.510 0.615 120
Bank Non-Deposit Leverage 0.214 0.181 0.059 0.930 0.361 120
Bank Deposits 0.609 0.668 -0.059 -1.090 0.287 120
Bank ROA 0.011 0.011 0.000 0.000 0.784 120
Bank Total Loans 0.536 0.562 -0.026 -0.410 0.685 120
Bank Loan-to-Deposit Shortfall -0.073 -0.107 0.034 0.760 0.458 120
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Table 2.A15: Dynamic Difference-in-Differences Estimations: Bank M&A

Table 2.A15 shows the results of the dynamic difference-in-differences estimation using bank M&As as
exogenous positive shocks to the stock of acquirer banks’ technology knowledge and hence value of technology
similarity in loan pricing. The specifications follow Table 2.5, but we replace the single Post dummy variable
with a series of indicators {Dj}, where Dj takes the value of one if the loan is issued in the j-th year after
the event year, and zero otherwise. Definitions of other variables are provided in Table 2.A1 in the Appendix.
Numbers in parentheses are heteroskedasticity-robust standard errors clustered at the lender and year levels.
***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4)
All M&As Technology Learned

D−1 × Treated 0.048 0.062 0.047 0.060
(0.076) (0.076) (0.077) (0.076)

D0 × Treated 0.029 0.031 0.044 0.044
(0.082) (0.084) (0.081) (0.083)

D1 × Treated -0.163∗∗ -0.173∗∗ -0.172∗∗ -0.183∗∗

(0.065) (0.067) (0.070) (0.072)
D2 × Treated -0.027 -0.032 -0.026 -0.032

(0.078) (0.076) (0.080) (0.078)
D−1 -0.021 -0.021 -0.022 -0.023

(0.024) (0.024) (0.026) (0.026)
D0 -0.022 -0.023 -0.027 -0.026

(0.021) (0.021) (0.026) (0.026)
D1 -0.015 -0.014 -0.016 -0.012

(0.019) (0.019) (0.021) (0.020)
D2 -0.028 -0.026 -0.026 -0.024

(0.017) (0.017) (0.018) (0.017)
Treated -0.060 -0.059 -0.065 -0.063

(0.056) (0.054) (0.059) (0.057)
Borrower Patent Stock -0.015 -0.014

(0.011) (0.012)
Borrower Patent Value -0.001 -0.001∗

(0.001) (0.001)
Segment Similarity -0.091 -0.020 -0.113 -0.040

(0.440) (0.423) (0.484) (0.464)
Borrower Product Market HHI -0.289∗∗∗ -0.282∗∗∗ -0.306∗∗∗ -0.299∗∗∗

(0.069) (0.067) (0.071) (0.070)
Prior Relationship -0.057 -0.052 -0.049 -0.046

(0.057) (0.056) (0.059) (0.057)
Loan Level Controls Yes Yes Yes Yes
Borrower Level Controls Yes Yes Yes Yes
Loan Type and Purpose Fixed Effects Yes Yes Yes Yes
Borrower Industry Fixed Effects Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes
Year Fixed Effects Yes Yes Yes Yes
Observations 6,074 6,074 5,524 5,524
Adjusted R2 0.751 0.752 0.751 0.752
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Table 2.A16: Information Content of Technology Similarity

Table 2.A16 examines the explanatory power of a borrower’s technology similarity with its bank’s prior
borrowers for the difference in their creditworthiness. Specifically, we regress the absolute difference of borrower’s
and bank’s prior borrowers’ average creditworthiness measures on their technology similarity, controlling for their
segment similarity and absolute differences across an array of firm characteristics. Definitions of the variables
are provided in Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust standard
errors clustered at the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10%
levels, respectively.

Dependent Variable (Absolute Difference): Z-score Default Probability Profitability Cash Holding
(1) (2) (3) (4)

Technology Similarity -0.005∗∗∗ -0.037∗∗∗ -0.056∗∗∗ -0.038∗∗∗

(0.002) (0.013) (0.010) (0.011)
Segment Similarity -0.004 0.008 -0.040∗∗∗ -0.037∗∗∗

(0.002) (0.015) (0.013) (0.012)
Absolute difference in size 0.001∗∗∗ -0.002∗∗ 0.004∗∗∗ 0.002∗∗∗

(0.000) (0.001) (0.001) (0.001)
Absolute difference in leverage 0.017∗∗∗ 0.122∗∗∗ 0.062∗∗∗ 0.048∗∗∗

(0.001) (0.009) (0.006) (0.005)
Absolute difference in market-to-book ratio 0.009∗∗∗ -0.022 0.204∗∗∗ 0.050∗∗∗

(0.002) (0.015) (0.020) (0.015)
Absolute difference in sales growth 0.000∗∗∗ -0.000∗ 0.000 0.000

(0.000) (0.000) (0.000) (0.000)
Absolute difference in tangibility 0.003∗∗∗ 0.009 -0.010∗∗ 0.012∗∗

(0.001) (0.007) (0.005) (0.005)
Absolute difference in patent stock -0.037 0.293 -0.110 -0.055

(0.025) (0.219) (0.093) (0.194)
Absolute difference in patent value 0.000∗∗ -0.000∗∗ 0.000 0.000

(0.000) (0.000) (0.000) (0.000)
Industry and Year Fixed Effects Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes
Observations 36,166 28,074 36,166 36,166
Adjusted R2 0.238 0.258 0.209 0.130
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Table 2.A17: Information Content of Technology Similarity for Future Borrower
Creditworthiness

Table 2.A17 examines the predictive power of a borrower’s technology similarity with its bank’s prior
borrowers for the difference in their future creditworthiness. Specifically, we regress the future absolute difference
of borrower’s and bank’s prior borrowers’ average forward creditworthiness measures on their technology similar-
ity, controlling for their segment similarity and absolute differences across an array of firm characteristics. The
dependent variable is measured at year t + h and all independent variables are measured at year t. Definitions of
the variables are provided in Table 2.A1 in the Appendix. Numbers in parentheses are heteroskedasticity-robust
standard errors clustered at the borrower level. ***, **, and * indicate statistical significance at the 1%, 5%,
and 10% levels, respectively.

Absolute Difference (h = 1): Z-score Default Probability Profitability Cash Holding
(1) (2) (3) (4)

Technology Similarity -0.002 -0.046∗∗∗ -0.054∗∗∗ -0.002
(0.003) (0.012) (0.013) (0.012)

Absolute difference controls Yes Yes Yes Yes
Industry and Year Fixed Effects Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes
Observations 33,636 26,040 33,652 33,579
Adjusted R2 0.160 0.268 0.168 0.129

Absolute Difference (h = 2): Z-score Default Probability Profitability Cash Holding
(1) (2) (3) (4)

Technology Similarity -0.006∗ -0.068∗∗∗ -0.072∗∗∗ -0.013
(0.004) (0.014) (0.015) (0.012)

Absolute difference controls Yes Yes Yes Yes
Industry and Year Fixed Effects Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes
Observations 30,750 23,455 30,797 30,660
Adjusted R2 0.028 0.264 0.070 0.140

Absolute Difference (h = 3): Z-score Default Probability Profitability Cash Holding
(1) (2) (3) (4)

Technology Similarity -0.006∗∗ -0.069∗∗∗ -0.057∗∗∗ -0.024∗

(0.003) (0.014) (0.015) (0.012)
Absolute difference controls Yes Yes Yes Yes
Industry and Year Fixed Effects Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes
Observations 27,793 21,081 27,853 27,684
Adjusted R2 0.142 0.281 0.178 0.126

Absolute Difference (h = 4): Z-score Default Probability Profitability Cash Holding
(1) (2) (3) (4)

Technology Similarity -0.008∗∗ -0.039∗∗ -0.059∗∗∗ -0.027∗∗

(0.003) (0.018) (0.016) (0.013)
Absolute difference controls Yes Yes Yes Yes
Industry and Year Fixed Effects Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes
Observations 25,108 18,758 25,174 24,984
Adjusted R2 0.221 0.274 0.203 0.121

Absolute Difference (h = 5): Z-score Default Probability Profitability Cash Holding
(1) (2) (3) (4)

Technology Similarity -0.007∗ -0.065∗∗∗ -0.078∗∗∗ -0.033∗∗

(0.003) (0.018) (0.017) (0.014)
Absolute difference controls Yes Yes Yes Yes
Industry and Year Fixed Effects Yes Yes Yes Yes
Lender Fixed Effects Yes Yes Yes Yes
Observations 22,616 16,922 22,690 22,475
Adjusted R2 0.115 0.283 0.147 0.119
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Figure 2.A1: Pairwise Technology Similarity

Figure 2.A1 illustrates the pairwise technology similarity calculation for a borrower firm i, at loan origination
time t, for the two prior borrowers j and k of the bank in the five years leading to t. The degree of technology
similarity is computed based on the patent portfolios of borrower j and k as at their respective borrowing time,
instead of time t, and the portfolio of firm i as at time t. This specification builds on the assumption that the
lending bank learns about a borrower’s patent portfolio at loan origination.
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Figure 2.A2: Treatment Effect Around the Bank M&A Event Year

Figure 2.A2 shows the coefficient estimates of the interaction of the time dummies and the treated dummy in
the dynamic difference-in-differences regression in Table 2.5. The figure also shows the 90% confidence interval
of the coefficient estimates.



Chapter 3

Connected and Contagious: Unveiling Hidden Bank
Vulnerabilities through AI-driven Co-Lending Net-
works

“Complex links among financial market participants and institutions are a hallmark of the mod-
ern global financial system. Across geographic and market boundaries, agents within the financial
system engage in a diverse array of transactions and relationships that connect them to other
participants.” (Yellen, 2013)

3.1 Introduction

This study develops an innovative deep learning model, the Co-Lending Graph Neural Network
(CoLGNN), to analyze risk spillovers among financial institutions within the syndicated lend-
ing market. In today’s rapidly evolving global economy, interconnectedness among banks has
become increasingly recognized as a crucial determinant of systemic risk. Extensive literature
highlights the critical role that network structures play in propagating financial distress and
amplifying risks across institutions (e.g. Acemoglu et al., 2015; Allen & Gale, 2000; Cabrales
et al., 2017; Elliott et al., 2014). Lessons from the global financial crisis (GFC) clearly illustrate
how localized shocks can quickly cascade through the financial system (Yellen, 2013). More
recent events, including the Dexia bank bailout (2011), the Cyprus banking crisis (2013), the
collapse of Banco Esṕırito Santo (2014), and the bankruptcy of Silicon Valley Bank (2023),
further emphasize this vulnerability. Although regulations such as Basel capital requirements
are intended to mitigate individual banks’ risks (Acharya et al., 2017), the systemic nature of
risk transmission demands more nuanced measures that accurately capture the broader network
of interbank exposures.

One critical yet relatively underexplored area of risk propagation involves the cross-sectional
interdependencies within syndicated loan markets. With a global scale exceeding $4.7 trillion
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USD in 2022, syndicated loans represent a significant segment of corporate financing. This mar-
ket’s inherently asymmetric structure creates unique channels through which risks propagate,
especially through monitoring-intensive revolving credit facilities that maintain persistent rela-
tionships between lead arrangers and participant banks. While term loans may be frequently
sold in secondary markets, revolving facilities require continual monitoring, making them espe-
cially potent vectors for risk transmission (Blickle et al., 2020).

Additionally, existing bank-risk metrics often depend on publicly available stock returns, lever-
aging the efficiency of market-based information (e.g., Fama, 1970, 1991; Merton, 1974; Nagel
& Purnanandam, 2020; Tobias & Brunnermeier, 2016). However, this reliance poses a critical
limitation: private banks, a significant and integral component of the banking sector’s intercon-
nected structure, are excluded due to the absence of market data. Omitting private banks thus
overlooks crucial aspects of risk transmission mechanisms, potentially impairing regulatory and
institutional responses to systemic risk.

To bridge these gaps, we construct a directed co-lending network representing the asymmetric
relationships inherent in syndicated lending, and develop a customized deep learning CoLGNN
model to analyze risk spillover within this network. Our novel CoLGNN framework leverages
deep learning techniques specifically designed for complex, non-Euclidean network structures.1

Unlike traditional network analyses that rely solely on node centrality measures, our approach
integrates comprehensive bank-level data, loan characteristics, and the intricate topological
structure of lending relationships. Employing the “message-passing paradigm” (Chami et al.,
2022), our framework captures nuanced, directional risk transmission among banks within the
syndicated loan market.

In the syndicated lending market, banks manage credit exposure by jointly extending large
loans—a practice known as loan syndication. These lending syndicates depend critically on the
lead arranger, who originates and monitors the loan (e.g., Gopalan et al., 2011; Ivashina, 2009;
Pichler & Wilhelm, 2001). A defining feature of this structure is the information asymmetry
between lead arrangers and participant banks, as the latter typically lack oversight in both
borrower screening and post-origination monitoring (Ivashina, 2009; Ivashina & Scharfstein,
2010b). Although lead arrangers often offload substantial portions of their loan exposures
in the secondary market (Blickle et al., 2020), certain facilities—particularly revolving credit
lines—embed ongoing monitoring responsibilities due to their contingent drawdown nature.
These monitoring-intensive facilities thus become key channels for risk propagation. Motivated
by this asymmetry, we model co-lending ties as directed edges from lead arrangers to participant
banks. Since banks may serve as arrangers in some syndicates and participants in others, we

1Non-Euclidean data lack fixed spatial coordinates, unlike standard panel data. Social, supply chain, and
financial networks are prime examples due to their complex connectivity structures (Bronstein et al., 2017).
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define nodes at the bank holding company level and encode co-lending relationships as directed
edges, thereby capturing the directional flow of risk from lead to participant institutions.

However, the complex topological structure of financial networks presents significant method-
ological challenges. Traditional empirical approaches, such as centrality metrics, offer only a
partial perspective on multidimensional relationships and risk transmission because they pri-
marily emphasize the relative importance of individual nodes. Our study departs from these
conventional methods by applying a deep learning model, CoLGNN, to capture bank-level risk
spillovers within the co-lending network. As a state-of-the-art framework tailored for non-
Euclidean domains,2 graph neural networks (GNNs) have emerged as the leading modeling
tools for prediction tasks on network-structured data across a variety of domains, including
social networks, supply chains, and computer vision (Wu et al., 2020; Xu et al., 2019).3

GNNs address the limitations of traditional empirical tools by jointly modeling high-dimensional
node features and complex network structures. In our context, the CoLGNN model integrates
granular bank-level characteristics, the topological configuration of co-lending relationships, and
the detailed attributes of syndicated loans. It leverages the message-passing paradigm to capture
how risk propagates through the network. To operationalize this, we develop a graph diffusion
convolution operator that systematically aggregates information from both neighboring nodes
and associated edge features. These diffusion convolution modules are specifically designed to
detect directional spillovers within the co-lending network by incorporating bank attributes,
network topology, and loan-level characteristics into the deep learning process.

Empirically, we apply the CoLGNN model to a comprehensive sample of U.S. syndicated
loans from Refinitiv DealScan, combined with bank holding company data from the FR Y-9C
database, to generate a co-lending network risk score (CLN score) for each bank—public and
private—at the year-quarter level. At each quarter-end, we construct rolling-window co-lending
networks based on all syndicated loans originated over the prior five years. Each network is
represented as an attributed graph, where node features capture bank characteristics and edge
features reflect loan-level attributes.

Using a semi-supervised deep learning framework, we train the CoLGNN model to estimate
CLN scores across the network. The model is trained on a labeled subset of public banks for
which risk labels—based on stock price performance—are observable. Specifically, motivated
by the efficient market hypothesis, which posits that stock prices reflect all publicly available

2Non-Euclidean data lack properties such as global parameterization, a common coordinate system, vector
space structure, or shift invariance (Bronstein et al., 2017). In contrast, Euclidean data, such as panel datasets,
are organized in fixed dimensions. Networks like supply chains and social systems are inherently non-Euclidean
due to their complex and irregular connectivity. Notably, if one computes centrality scores over time and arranges
them as a panel, the resulting structure becomes Euclidean.

3GNN-based models consistently outperform traditional methods on graph-related benchmark tasks in deep
learning. See: https://paperswithcode.com/task/node-classification.

https://paperswithcode.com/task/node-classification
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information, we classify banks in the top decile of raw quarterly stock returns as “safe” and
those in the bottom decile as “risky.”4

The trained CoLGNN model estimates a CLN score for each bank in each year-quarter by
jointly leveraging node features (bank characteristics), edge features (loan attributes), and the
topological structure of the co-lending network through its graph convolution modules. To
enhance model interpretability, we further apply the integrated gradients method to quantify
the contribution of each input feature to the resulting CLN score, thereby identifying key drivers
of network-based bank risk.

We validate the effectiveness of the CLN score in capturing risk spillovers—rather than merely
reflecting common exposure to distressed corporate borrowers—using two quasi-natural experi-
ments. First, we exploit S&P credit rating downgrade events to examine whether idiosyncratic
shocks to focal banks propagate to their syndicate partners. Using a stacked-cohort difference-in-
differences design, we find that banks directly connected to downgraded institutions experience
subsequent and significantly larger increases in their CLN scores compared to matched control
banks without such exposure, consistent with risk contagion. Second, we analyze the collapse of
Lehman Brothers—a shock originating outside its corporate lending activities—as a clean set-
ting to isolate network-driven transmission from borrower-side contagion. The financial distress
that led to Lehman’s collapse stemmed primarily from concentrated investments in commercial
real estate and a heavy reliance on unstable short-term funding, rather than from deterioration
in its corporate loan portfolio. Because the shock did not originate from credit risk in shared
corporate borrowers, any observed effect on its syndicate lending partners must arise through
the co-lending network. Consistent with directional spillovers, we find that banks with prior
co-lending ties to Lehman exhibit a 28–29% increase in their CLN scores relative to the sample
mean following its failure.

After validating the effectiveness of the CLN score in capturing risk spillovers, we next examine
its predictive power for future bank risk using a comprehensive panel dataset spanning 1996 to
2020. Our analysis shows that the CLN score significantly forecasts future loan loss provisions
up to eight quarters ahead. Notably, this predictive ability extends to both unlabeled public and
private banks, highlighting the CLN score’s value as an early-warning indicator—particularly
for banks that lack market-based risk measures. Incorporating the CLN score into predictive
models materially improves forecast accuracy, as evidenced by higher adjusted R-squared values
and lower root-mean-square errors, whereas the traditional Z-score contributes minimal incre-
mental explanatory power. The results remain robust after controlling for a wide set of bank
characteristics, lending specializations, year-quarter fixed effects, and even bank fixed effects.

4We use raw stock returns rather than factor-adjusted or idiosyncratic returns because both systematic and
idiosyncratic risks are integral to assessing bank stability. Raw returns provide a comprehensive, forward-looking
proxy that captures both market-wide and firm-specific information. This aligns with the efficient market hy-
pothesis (Fama, 1970). Moreover, Campbell et al. (2008) demonstrate that both components of stock returns
offer valuable insights into the risk profile of financial institutions.
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Moreover, we show that the CLN score significantly outperforms standard network centrality
measures in predicting future bank risk.

Recognizing that lead arrangers often sell substantial portions of their initial term loan al-
locations in the secondary market, we construct a modified co-lending network that focuses
exclusively on revolving credit facilities—loan contracts in which lead arrangers retain ongo-
ing monitoring responsibilities. We train a separate CoLGNN model using this revolver-based
network to more precisely identify the channels through which risk propagates. We find that
the CLN score derived solely from revolving facilities exhibits stronger risk predictive ability
than the baseline CLN score. As a placebo test, we construct a co-lending network using Term
Loan B and above, which refers to the tranches of syndicated loans—including Term Loans B,
C, and beyond—that are frequently held by non-bank investors and traded in the secondary
market. Consistent with our expectation, the CLN score based on Term Loan B and above
shows predominantly insignificant predictive power. This contrast provides empirical support
for the role of monitoring incentives in driving risk spillovers, highlighting that risk contagion
is more likely to occur through revolving credit facilities where lead arrangers maintain active
involvement, rather than through term loans that are commonly sold in the secondary market.

Furthermore, because the CLN score captures risk spillovers from neighboring banks within the
co-lending network, we hypothesize that more vulnerable banks—specifically those with smaller
size, weaker earnings performance, higher return volatility, and lower capital adequacy—are
more sensitive to these spillovers. Our results confirm this conjecture. In addition, the CLN
score demonstrates predictive power for a range of risk measures beyond loan loss provisions,
including non-performing loans, default probability (Merton, 1974), modified bank default prob-
ability (Nagel & Purnanandam, 2020), and stock return idiosyncratic volatility. These findings
collectively affirm that the CLN score, generated by the deep learning–based CoLGNN frame-
work, offers valuable insights into future bank risk and network-driven vulnerability.

Consistent with its risk forecasting ability, we also find that a higher CLN score predicts lower
future bank profitability. Importantly, this predictive power remains robust after controlling for
bank stock returns and is especially pronounced among unlabeled public banks with stock per-
formance in the interquartile range. In this subsample, the CLN score significantly outperforms
stock returns in forecasting both risk and profitability outcomes.5 Finally, we document per-
sistent predictive performance of the CLN score across both halves of the sample period, with
notably stronger effects during the global financial crisis, when systemic risk and contagion
intensified.

5If the CLN score merely reflected banks’ exposure to common shocks shared with the labeled “risky” banks,
controlling for stock returns should have largely eliminated its predictive power. However, our results indicate
otherwise. Specifically, within the subsample of unlabeled public banks, the CLN score significantly outperforms
quarterly stock returns in predicting future non-performing loans and return on assets (ROA), supporting its
interpretation as a measure of network-driven spillover risk.
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Our study contributes to the literature in several important ways. First, we pioneer the applica-
tion of graph neural networks (GNNs) to the universe of syndicated loans by developing a deep
learning Co-Lending Graph Neural Network (CoLGNN) model. This design is motivated by
the literature on information asymmetry and risk sharing in syndicated lending (e.g., Gopalan
et al., 2011; Ivashina, 2009; Ivashina & Scharfstein, 2010a). While prior studies have shown that
loan outcomes and bank risks are influenced by syndicate structures (e.g., Lim et al., 2014) and
lending relationships (e.g., Bharath et al., 2011), we contribute by constructing a directed net-
work representation that captures the asymmetry of co-lending relationships and directional risk
spillovers. Our approach enriches the syndicated lending literature by leveraging deep learning
to quantify the role of risk transmission in shaping future bank risk.

Second, we contribute to the broader literature on financial networks. A growing body of
work emphasizes the importance of interbank interconnectedness in amplifying systemic risk
(e.g., Acemoglu et al., 2015; Anderson et al., 2019; Battiston et al., 2012; Elliott et al., 2014;
Golub & Jackson, 2012). We extend this line of inquiry to the syndicated lending market—an
economically significant and underexplored context—by modeling the topological structure of
co-lending relationships. Our approach allows us to develop an early-warning risk metric that
exploits the network structure to detect risk spillovers among banks.

Third, our study advances the literature on bank risk measurement. Existing research primarily
relies on market-based information, such as stock returns and equity volatility, to infer banks’
default risk (e.g., Merton, 1974; Nagel & Purnanandam, 2020) and systemic risk (e.g., Tobias
& Brunnermeier, 2016). We contribute a novel, semi-supervised deep learning framework that
allows for the estimation of bank risk metrics even in the absence of market-based signals,
thereby extending risk monitoring to private and thinly traded banks. This framework captures
risk spillovers embedded in the co-lending network and provides a more comprehensive view of
bank fragility.

Finally, we contribute to the emerging literature on the use of artificial intelligence (AI) in
finance. As AI tools increasingly enable the analysis of high-dimensional, non-Euclidean data,
recent studies have introduced new empirical methods (Gu et al., 2020), investment strategies
(e.g., Cong et al., 2021), and alternative data sources (e.g., Cao et al., 2023; Jiang et al., 2023;
Li et al., 2021). Our study adds to this growing field by introducing a cutting-edge deep learning
framework tailored to financial networks. The proposed CoLGNN model demonstrates how AI
can be applied to enhance risk management and early-warning systems in the banking sector.

The rest of the paper proceeds as follows. Section 3.2 develops the main hypotheses. Section 3.3
describes the construction of the co-lending network and introduces the deep learning CoLGNN
model. Section 3.5 validates the risk transmission mechanism using two quasi-natural exper-
iments. Section 3.4 presents the bank-level CLN score, outlines the data sources, and details
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key variable constructions. Section 3.7 concludes. The Appendix provides detailed variable
definitions and additional empirical results.

3.2 Theoretical Motivation and Hypotheses

The global financial system is deeply interconnected, enabling financial shocks to propagate
swiftly across institutions and markets. This interconnectedness is particularly salient in tightly
coupled financial networks, where localized disturbances can cascade through both direct and
indirect linkages, amplifying systemic vulnerabilities (e.g., Acemoglu et al., 2015; Anderson
et al., 2019; Elliott et al., 2014). The structure and topology of such networks play a criti-
cal role in shaping the speed, intensity, and reach of contagion (Glasserman & Young, 2015;
Haldane & May, 2011). These dynamics highlight the urgent need for risk assessment frame-
works that account for the complexity of inter-institutional relationships and the potential for
cross-institutional spillovers (Battiston et al., 2012; Brunnermeier & Oehmke, 2013).

This study focuses on the syndicated loan market—a setting that naturally embeds banks within
a web of financial interdependencies. In a typical syndicate, multiple banks jointly extend
credit to a single corporate borrower. Lead arrangers originate the loan, conduct due diligence,
negotiate terms, and are primarily responsible for post-origination monitoring. Participant
banks typically rely on the lead bank’s reputation and informational advantage when deciding
to join the syndicate (e.g., Gopalan et al., 2011; Holmstrom & Milgrom, 1987; Ivashina &
Scharfstein, 2010a; Pichler & Wilhelm, 2001). While this structure promotes credit access and
risk-sharing, it also creates a dense and often opaque network of exposure, where a disruption
at one institution may have downstream consequences for others.

We argue that these syndicate-based interdependencies serve as channels for risk transmission.
When a lead bank experiences distress—such as that triggered by borrower default, funding pres-
sures, or internal fragility—the resulting disruption can spill over to participant banks through
both financial and informational pathways. Importantly, such spillovers may arise even in the
absence of a shared borrower default. For example, if a lead bank becomes financially impaired,
it may scale back or abandon its monitoring responsibilities, weakening the syndicate’s ability
to detect borrower deterioration, enforce covenants, or coordinate timely interventions. This
failure can leave participant banks exposed to latent credit risks that would otherwise have been
mitigated by effective oversight. As a result, a bank’s exposure to fragile syndicate partners can
materially elevate its own risk, heightening its vulnerability to shocks propagating through the
network.

To quantify and forecast such network-induced risk, we develop a novel deep learning framework
based on graph neural networks (GNNs). Our model constructs a Co-Lending Network (CLN)
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risk measure by integrating information on co-lending ties, bank fundamentals, and loan-level
characteristics. We label a subset of public banks as “safe” or “risky” based on their stock
returns—a forward-looking, market-based proxy of bank health grounded in the principles of
market efficiency and informativeness (Campbell et al., 2008; Fama, 1970, 1991; Fama & French,
2015; Merton, 1974; Nagel & Purnanandam, 2020)—and apply semi-supervised learning to
propagate these labels through the network.

The CLN score generated by the GNN is not merely a function of a bank’s own credit port-
folio or observable risk characteristics. Instead, it reflects the bank’s embeddedness within the
broader co-lending network and its exposure to latent risks—those arising from the fragility,
poor monitoring, or misjudgments of its syndicate partners. Banks with high CLN scores are
more likely to be connected to distressed or fragile segments of the network or to occupy struc-
turally vulnerable positions that heighten their exposure to partner-induced spillovers. These
banks may face spillovers from impaired lead arrangers or deteriorating syndicates, manifesting
in elevated future credit losses and bank risk. Accordingly, we propose the following hypothesis:

Hypothesis 1. Higher co-lending network risk of a bank predicts greater future bank risk.

Traditional market-based risk measures apply only to publicly traded banks, leaving the risk
profiles of private banks largely unobserved. Our deep learning GNN framework overcomes this
limitation by leveraging observed characteristics and co-lending ties to labeled public banks to
infer the risks of private institutions. Through its message-passing mechanism, the GNN inte-
grates network structure with node-level features to estimate latent risk exposures for unlabeled
nodes. By doing so, our deep learning model effectively provides a quasi market-based risk
measure for private banks, capturing their forward-looking network-embedded risks that are
otherwise unobservable. Accordingly, we posit the following:

Hypothesis 2. The co-lending network risk measure exhibits strong predictive power for the
future risks of private banks.

We further expect the predictive power of our co-lending network risk measure to vary sys-
tematically across banks with different financial and structural characteristics. Specifically, we
hypothesize stronger effects for banks that are more vulnerable to risk spillovers transmitted
through the co-lending network, due to limited internal buffers, reduced operational flexibility,
or greater reliance on external relationships.

First, smaller banks typically have more concentrated loan portfolios and fewer resources for
risk management, increasing their susceptibility to network-based contagion effects (Giannetti &
Saidi, 2019). Second, banks experiencing negative earnings shocks or elevated return volatility
often operate under greater financial pressure and reduced market confidence, limiting their
ability to absorb spillovers. Third, banks with lower capital ratios possess diminished capacity
to withstand losses, amplifying the consequences of externally transmitted shocks. Finally,
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institutions with greater operational complexity may face internal coordination challenges that
hinder timely responses to risk transmission. We summarize these expectations as follows:

Hypothesis 3. The predictive power of the co-lending network risk measure is stronger for banks
that are smaller in size, experience negative earnings shocks, exhibit higher return volatility,
maintain lower capital ratios, or operate with greater organizational complexity.

3.3 Modeling Bank Risk via Graph Neural Network

3.3.1 Co-Lending Network Design in the Syndicate Lending Market

As discussed earlier, the syndicated lending market exhibits a distinctive structure wherein lead
arrangers play a central role in screening borrowers, initiating deals, and monitoring loans.
This hierarchical arrangement generates a web of financial interdependencies that motivates
the construction of a directed co-lending network to capture potential risk spillovers. In this
framework, banks are represented as nodes connected by co-lending relationships (edges), with
a directed edge denoting the flow of information and risk from a lead arranger to a participant
bank involved in a syndicated loan (Benmelech et al., 2012; Ivashina, 2009).

Directed edges in the co-lending network capture the transmission of information and risk, with
their orientation indicating the direction of flow from lead banks to participant banks within the
same loan syndicate. Each directed connection thus represents not only a co-lending relationship
but also a potential channel for risk spillover. The network aggregates co-lending activities across
all syndicated loans within a given time window, producing a dynamic sequence of co-lending
networks that can be analyzed using rolling intervals (e.g., five-year windows). Formally, we
define the co-lending network as an attributed graph as follows:

Co-Lending Network Each co-lending network is represented as an attributed graph G =
(V, E), where V = {v1, . . . , vn} is the set of banks and E = {ei,j : (vi, vj) ∈ V × V} is the set of
edges. Each directed edge ei,j points from bank vi to bank vj . The set of neighboring banks
of vi is denoted as N (vi) = {vj : (vj , vi) ∈ E}. X ∈ Rn×f and E ∈ Rm×s represent the bank
and loan characteristics matrices, where n = |V| and m = |E| denote the numbers of banks and
co-lending relationships, and f and s are the dimensions of the bank and loan feature spaces,
respectively. The adjacency matrix A ∈ Rn×n of the co-lending network captures directed co-
lending relationships, where aij = 1 if there exists a directed edge from bank i to bank j, and
aij = 0 otherwise.
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3.3.2 Co-Lending Graph Neural Network (CoLGNN) Framework

To model risk transmission within the co-lending network, we introduce the Co-Lending Graph
Neural Network framework (CoLGNN). Unlike traditional econometric methods, which often
overlook the complex topological features inherent in financial networks, CoLGNN explicitly
incorporates both the structural properties of the network and the attributes of individual banks
to capture how risk propagates across interconnected institutions.

Framework Overview

The CoLGNN framework builds on recent advances in Graph Neural Networks (GNNs), which
have become powerful tools for analyzing graph-structured data. GNNs perform learnable
transformations across all components of a graph—nodes, edges, and global attributes—enabling
the model to extract patterns directly from the underlying network structure. In our setting,
this capability allows us to effectively trace how risk signals propagate from one bank to another
through their co-lending relationships.

Figure 3.1 illustrates the core mechanism through which our model captures risk transmission.
The process unfolds in several stages. In Stage 1, we classify banks based on their stock market
performance, labeling a subset of public banks as either “safe” or “risky,” while leaving the
remaining public banks and all private banks as unlabeled. In Stage 2, we construct the co-
lending network by mapping directed links from lead arrangers to participant banks. In Stage
3, we implement a graph diffusion convolution model that incorporates both bank-level char-
acteristics (node features) and loan-level attributes (edge features).6 Finally, in Stage 4, the
model produces bank-level CLN scores that estimate each institution’s risk profile.

[Insert Figure 3.1 about here]

A key innovation of the CoLGNN framework lies in its directional diffusion convolution mod-
ules, which capture the inherently asymmetric nature of risk transmission in syndicated lending.
These modules are specifically designed to model the propagation of risk from lead arrangers to
participant banks, rather than assuming symmetric information flow among all syndicate mem-
bers. Figure 3.2 illustrates how the diffusion convolution modules process information across
the network. CoLGNN differentiates between incoming and outgoing connections, thereby ac-
counting for the distinct roles banks play within a syndicate. This architecture enables the model

6A graph convolution module is a specialized neural network technique designed for graph-structured data. It
operates via message passing, an iterative process in which each node aggregates information from its neighbors,
updates its representation based on these aggregated signals, and transmits the updated information in subsequent
iterations. This mechanism enables information to diffuse throughout the network, allowing nodes to learn from
both direct and indirect connections. The full mathematical specification of the message passing framework is
provided in Appendix B.1.
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to learn which types of relationships and bank characteristics are most predictive of risk out-
comes by training initially on public banks with observable stock market performance. Through
semi-supervised learning, the inferred patterns are then extended to the entire network, includ-
ing private banks that lack observable market-based risk indicators. The full mathematical
specification is provided in Appendix B.1.

[Insert Figure 3.2 about here]

A Simple Visulization of Graph Neural Network

To provide deeper insight into how the CoLGNN framework captures risk spillovers within
the co-lending network, we present a simplified illustration of a single GNN layer in operation,
as shown in Figure 3.3. This example uses a seven-bank network to demonstrate the core
mechanism of the model, offering an intuitive understanding of the directional message-passing
process prior to introducing the full multi-layer architecture.

[Insert Figure 3.3 about here]

The process begins with constructing the adjacency matrix, in which directed edges encode
potential pathways of risk transmission from lead arrangers to participant banks. To facilitate
stable and efficient information propagation, we compute the random walk Laplacian matrix
Â (also referred to as the random walk normalized adjacency matrix or diffusion probability
matrix), which normalizes the adjacency structure and smooths the flow of information across
the network. This step helps regulate the influence of connected versus unconnected nodes,
enhancing the model’s ability to capture the underlying network topology.

Next, edge features are represented using an edge feature matrix, where each entry corresponds
to a set of attributes associated with the edge between two banks.7 The model learns a low-
dimensional embedding of these features, allowing it to focus on the most salient information
relevant to risk propagation. These learned representations form the edge embedding matrix Ẽ,
which is subsequently integrated with the normalized adjacency matrix. The resulting matrix,
Ã = Ẽ + Â, captures both the structural and relational information within the graph, providing
a richer and more informative representation of the co-lending network.

In the feature aggregation step, the GNN layer uses the combined matrix Ã to aggregate node
features X, producing a new feature matrix Z = ÃX. This operation enables each bank to
incorporate information from its neighbors, effectively capturing the potential for risk spillovers
within the network. Following aggregation, the model applies adaptive signal channel mixing

7For illustration purposes, we use a simplified example with three-dimensional edge features, while in our
baseline model, high-dimensional edge features are used.
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through a learnable weight matrix W , resulting in H = ZW . This step can be understood as
learning which dimensions of information are most important for the risk assessment task.

Finally, the first dimension of the output matrix H is passed through a sigmoid activation
function to generate a continuous risk score for each bank, denoted as ŷ = σ(H1). These scores
range from 0 (least risky) to 1 (most risky). While the full CoLGNN model incorporates
multiple layers and additional specialized components, this simplified example illustrates the
core mechanism by which the GNN architecture transforms co-lending network information
into meaningful risk assessments.

3.4 Measurement and Sample

3.4.1 Measuring Bank Co-Lending Network Risk

To implement the CoLGNN framework and construct the bank-level co-lending network risk
score (CLN score), we apply our model to a comprehensive sample of bank characteristics from
Form FR Y-9C and bank loans from Dealscan. Specifically, at each quarter end, we construct an
attributed graph Gt, where nodes represent bank holding companies (BHC, or bank hereafter)
and edges indicate co-lending relationships. This process yields a dynamic series of co-lending
networks, G = {G1, ..., GT }, spanning from 1996Q1 to 2020Q4, using a five-year rolling window.8

As indicated in Section 3.3.1, each directed edge points from a lead bank to another bank within
the syndicate structure. For multiple co-lending relationships pointing from one bank to another
bank within the window, we aggregate them into a single edge. For each co-lending network
Gt, we use the BHC characteristics at t − 1 as the node feature and the lending activities and
loan characteristics from t− 1 to t− 20 as the edge features.

In our semi-supervised learning framework, we leverage quarterly stock returns to assign “safe”
or “risky” labels to banks based on their recent stock market performance. Stock returns are
an ideal metric for this purpose, as stock prices are forward-looking and incorporate all publicly
available information about a firm’s financial health, market outlook, and risk exposure under
the assumption of market efficiency. Following established practice in Berger and Bouwman
(2013) and Fahlenbrach et al. (2018), we test multiple classification approaches, including tercile-
based, quartile-based, and quintile-based thresholds, where public banks in the top proportion
of stock returns are categorized as ”safe” (label Yi,t = 0), while those in the bottom proportion
are classified as ”risky” (label Yi,t = 1).9 The remaining public banks, along with all private
banks, are treated as unlabeled, facilitating out-of-sample analysis.

8The results are robust to using a three-year rolling window alternative.
9Our findings are robust to alternative classification thresholds. In untabulated results, we confirm that using

different threshold specifications (20%, 25%, 40%) yields qualitatively similar results, with consistent statistical
significance and economic implications.
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The training of our model is executed over 200 epochs, employing an Adam optimizer with
appropriate learning rate and weight decay settings.10 Our CoLGNN architecture includes two
diffusion graph convolution modules, with each node passing through two layers of diffusion
graph convolution. The highest performing model is selected based on the combined accuracy
across training and validation sets, ensuring the model generalizes effectively to unseen data.

We frame the prediction task as node classification, using the probability of the “risky” class as
the co-lending network risk score. Using the information from the labeled group, we estimate
the CLN score for all banks without labels and update the scores for labeled banks to reflect
changes in risk caused by the effects of the network. The CLN score for each bank ranges from
0 (safest) to 1 (riskiest), representing the probability that the bank belongs to the ”risky” class
based on both its characteristics and network position.

At each year-quarter t, we construct a co-lending network Gt, resulting in an estimated CLN scorei,t

for each bank i at year-quarter t.11 The complete technical details of the CLN score calculation
are provided in Appendix B.1. We apply the same set of hyperparameters to all networks, and
the complete hyperparameter specifications are in Section B.1.4 of the Appendix B.1.

3.4.2 Sample Construction

Our cross-sectional analysis of bank-level co-lending network risk employs a sample of U.S. bank
holding companies from 1991Q1 to 2020Q4. We collect syndicated loan data from Refinitiv
LoanConnector DealScan, stock returns from Center for Research in Security Prices (CRSP),
and bank characteristics from Form FR Y-9C. We combine bank characteristics and stock return
data using the CRSP-FRB link table supplied by the Federal Reserve Bank of New York. We
match data on syndicated loans from DealScan with bank characteristics based on the parent
company of the lenders, using hand-matched bank name concordance files combined at the
BHC level. Following (Ivashina, 2009), we identify the lead bank in the DealScan database if
the bank’s ‘Primary Role’ is listed as one of ‘Arranges’, ‘Co-arranger’, ‘Co-lead arranger’, ‘Lead

10Adam is a popular extension of stochastic gradient descent (SGD) that adaptively adjusts the learning rate
for each parameter. Weight decay refers to a regularization term that mitigates overfitting by penalizing large
parameter values.

11We measure the bank-level CLN score using the output from the last layer of CoLGNN. For bank i in a given
co-lending network Gt, the CLN score is estimated as:

CLN scorei = σ
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where σ(·) represents the sigmoid activation function. The terms ãk

out,i and ãk
in,i are the out/in direction transition

probabilities for bank i, while h̃(L)
out,i and h̃(L)

in,i represent the edge-augmented node features from the final layer
L of the network. These edge-augmented features incorporate both bank characteristics (node attributes) and
loan relationship characteristics (edge attributes), enabling the model to capture the risk transmission through
syndicated loan relationships. This calculation is performed for each bank within each network, yielding a vector
of risk scores across all banks. By applying this procedure to each quarterly co-lending network Gt, we obtain
the time series of CLN scores, denoted as CLN scorei,t for bank i at year-quarter t.
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arranger’, ‘Mandated Lead arranger’, ‘Mandated arranger’, ‘Lead manager’ or if the lender’s
name is listed in the ‘Lead Arranger’ column.

[Insert Table 3.1 about here]

Table 3.1 reports the summary statistics of loan-level and bank-level characteristics. Definitions
of variables and data sources are provided in Table 3.A1 in the Appendix. All continuous
variables are winsorized at the 1st and 99th percentiles for each year-quarter. Our key variable,
the bank co-lending network risk score (CLN score), ranges from 0 to 1 by construction, with
a value of 0 indicating the safest bank and 1 indicating the riskiest bank based on co-lending
network risk. Table 3.A2 in the Appendix lists the top seven banks with the highest and lowest
CLN scores. Our primary dependent variable, bank loan loss provisions, is measured as the
ratio of loan loss provisions (BHCK4230) to total assets (BHCK2170), expressed in percentage
points. The mean (median) loan loss provisions is 0.362 (0.163). The average (median) natural
logarithm of the total asset size of banks in our sample is 16.164 (15.935). The average (median)
return on assets is 0.540 (0.525). The average (median) loan size (total loans to total assets)
is 0.628 (0.669). These bank characteristics align with prior literature (e.g. Dou et al., 2018;
Ellul & Yerramilli, 2013). For example, Dou et al. (2018) report average (median) loan loss
provisions of 0.335 (0.177). Ellul and Yerramilli (2013) report an average (median) bank size of
16.631 (16.66) and loan size of 0.626 (0.672).

3.4.3 Feature Importance

To enhance the interpretability of the CoLGNN model, we implement the integrated gradients
method to quantify the contribution of each input feature to the predicted CLN risk score for
banks.12 Figure 3.4 presents the most influential loan and bank characteristics based on their
attribution scores. Among loan features, the revolver indicator—which identifies revolving credit
facilities—emerges as the most important predictor. This finding aligns with the monitoring-
intensive nature of such facilities, where continuous lead arranger oversight and due diligence
likely intensify risk transmission among syndicate members. It suggests that risk spillovers
primarily occur through facilities requiring active engagement rather than through more easily
traded instruments. We further validate this finding in Section 3.6.3.

12We adopt the integrated gradients method proposed by Sundararajan et al. (2017) to assess feature impor-
tance. This technique quantifies how much each input feature contributes to the CoLGNN’s output (the CLN
score), relative to a baseline scenario in which the feature is absent. Specifically, the method integrates the
gradient of the model’s output with respect to each input feature along a straight-line path from a reference
point (typically zero, representing absence of signal) to the actual input values. Unlike simple gradient-based
approaches that reflect only local sensitivity, integrated gradients capture the cumulative effect of each feature
across its full range, making them well-suited for interpreting complex, non-linear models with interactive effects.
For each feature, we compute the absolute value of its attribution score in each quarter and then average these
values across all quarterly co-lending networks. This approach allows us to identify features that consistently
exert strong influence on bank risk predictions over time.
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Other loan characteristics such as security status, syndicate structure, interest spread, maturity,
and covenant strength also rank highly in influencing the CLN score. On the bank side, financial
fundamentals dominate. Total loan exposure is the top predictor, followed by profitability
metrics and capital adequacy indicators. To address concerns about the potential overfitting
or noise arising from a high-dimensional loan feature space, we conduct a robustness check
using a reduced set of standard loan variables commonly employed in the syndicated lending
literature. As shown in Figure 3.A2 in the Appendix, the resulting importance rankings remain
qualitatively similar, suggesting that our findings are not driven by the inclusion of auxiliary
features.

[Insert Figure 3.4 about here]

3.5 Validation

In this section, we validate that the CLN score indeed captures risk spillovers transmitted
through co-lending networks, rather than merely reflecting shared exposure to borrower default
or endogenous lender selection. To establish the underlying mechanism, we exploit two quasi-
natural experiments.

3.5.1 Validating Risk Spillover via Credit Rating Downgrades

First, we examine how credit rating downgrades of specific banks affect the CLN scores of
connected banks relative to comparable unconnected banks using a difference-in-differences
framework. A credit rating downgrade is a pivotal event that impairs a bank’s access to funding,
particularly in wholesale markets and public bond issuances (Adelino & Ferreira, 2016). Such
downgrades typically result in reduced market access, increased collateral requirements, and
higher funding costs.

We investigate whether and how negative shocks originating from a focal bank’s downgrade
propagate through the co-lending network and influence the risk profiles of its connected peers.
This transmission occurs via two main mechanisms. First, downgraded banks may scale back
their screening and monitoring efforts to conserve capital and manage elevated funding costs.
This reduction in due diligence shifts greater financial risk onto syndicate partners, weakening
the overall quality of loan oversight. Second, the downgrade increases perceived counterparty
risk, prompting co-lenders to reassess their exposure to the downgraded bank. This reassessment
can lead to tighter credit conditions and greater risk aversion across the network, amplifying
spillover effects on connected institutions.
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Following Adelino and Ferreira (2016), we rely on Standard & Poor’s (S&P) credit rating history
rather than alternative sources. This choice reflects S&P’s tendency to act more proactively
and to lead other agencies in issuing rating changes (Kaminsky & Schmukler, 2002).13

We use these rating downgrades to trace how risk propagates through co-lending networks and
to assess whether the CLN score reflects true spillover effects—rather than shared exposure to
default-prone borrowers. A credit downgrade reflects worsening financial health at the focal
bank and constitutes an exogenous shock for connected banks. Due to information asymmetry
between credit rating agencies and syndicate members, these connected banks may not be aware
of the specific conditions leading to the downgrade. Consequently, the downgrade triggers a
reassessment of network risk—driven not by borrower fundamentals, but by interbank ties.
This effect is compounded by potential regulatory scrutiny and market reevaluation of the
focal bank’s role and reliability. Additionally, the downgraded bank may reduce oversight of
existing loans it previously lead-arranged due to internal strain, thereby creating unforeseen
moral hazard concerns for its co-lending partners.

If the CLN score effectively captures such spillover risks, then the scores of banks connected to
a downgraded institution should rise significantly after the event. To test this hypothesis, we
employ a stacked cohort difference-in-differences (DiD) estimation approach. Specifically, we
treat each credit rating downgrade event c for a focal bank at time t as a distinct event cohort
and construct a matched subsample surrounding each event.

In our directed co-lending network (as detailed in Section 3.3.1), a directed edge flows from the
lead bank to other participant banks within a syndicated loan. Within each event cohort, we
designate as treated banks those with direct inward links from the focal (downgraded) bank.
Unconnected banks—those not linked to the focal bank within the same loan syndicate—serve
as the control group.

A potential concern is that credit rating downgrades may coincide with macroeconomic down-
turns or industry-wide shocks, which could violate the parallel trends assumption by system-
atically exposing treated banks to elevated risk even before the downgrade. To mitigate this
concern and bolster the exogeneity of the downgrade shocks, we exclude observations from the
Global Financial Crisis (GFC) and from quarters marked by concentrated downgrade activity.14

For each cohort, we use an event window for each credit downgrade event, spanning from
two quarters before to three quarters after the event (excluding the focal downgrade-event
quarter). We then stack all the credit downgrade event cohorts together and estimate the

13S&P rating announcements tend to have a stronger and less anticipated impact on stock prices, further
supporting our reliance on this source (Adelino & Ferreira, 2016; Reisen & Von Maltzan, 1999). Consistent with
the credit rating literature (e.g., Badoer et al., 2019; Xia, 2014), we focus on long-term issuer ratings.

14Specifically, we exclude downgrade events occurring during the GFC, defined as 2007Q2 to 2009Q1, as well as
quarters with more than ten downgrade events, to limit confounding effects stemming from widespread economic
distress.
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following standard DiD regression specification:

CLN scorei,c,t = β1Connected Banksi,c × Post Credit Downgradec,t + γi + θt + εi,c,t (3.1)

where CLN scorei,c,t is the risk score for bank i in cohort c at time t. The interaction term
Connected Banksi,c×Post Credit Downgradec,t equals 1 for treated banks post-downgrade, cap-
turing the differential effect. Fixed effects γi,c (cohort-bank) and θc,t (cohort-year-quarter)
absorb the main effects of treatment and time, respectively, controlling for bank-specific and
temporal heterogeneity within cohorts. We report standard errors clustered at the bank level,
and, in robustness checks, also double-clustered at the bank and cohort levels.

[Insert Table 3.2 about here]

Table 3.2 presents the baseline DiD results. The interaction term is positive and statistically
significant at the 5% level, indicating that banks directly connected to a downgraded institution
experience a significant increase in their CLN scores relative to unconnected banks following
the downgrade. This finding remains robust to the inclusion of bank-level control variables and
the use of standard errors double-clustered at the bank and cohort levels.

To further examine the timing and persistence of these spillover effects, we incorporate the
downgrade-event quarter into the analysis and estimate a dynamic difference-in-differences spec-
ification. This approach allows us to trace the evolution of CLN scores around the event and to
rule out spurious effects arising from pre-existing trends. Using the downgrade quarter as the
reference period, we find no evidence of differential pre-trends in CLN scores between treated
and control banks, as shown in Part (a) of Figure 3.5. The figure shows that following the
downgrade, treated banks exhibit a pronounced and statistically significant increase in their
CLN scores, particularly two quarters after the event. These dynamic effects highlight the role
of the co-lending network in propagating financial risk: a downgrade affecting one bank triggers
a subsequent and persistent rise in the perceived risk of its connected counterparts.

Taken together, the results provide compelling evidence that the CLN score captures network-
driven risk spillovers, rather than reflecting mere common exposure to borrower default or
broader macroeconomic shocks.
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3.5.2 Validating Risk Spillover via Lehman Brothers’ Collapse

Second, we examine the collapse of Lehman Brothers—a shock that originated outside its cor-
porate lending business—as a quasi-natural experiment to isolate network-driven spillover ef-
fects from common exposures to distressed corporate borrowers. A central empirical chal-
lenge in studying risk spillovers in banking networks is disentangling true contagion from cor-
related vulnerabilities to shared economic conditions. Following Chodorow-Reich (2014), we
exploit Lehman’s September 2008 failure as an exogenous disruption to the co-lending network.
Lehman’s financial distress was driven primarily by concentrated investments in commercial
real estate and dependence on unstable short-term funding, rather than by deterioration in its
corporate loan portfolio.15 This clear separation between the causes of Lehman’s collapse and
its syndicated lending activities offers an ideal setting to test whether risk propagates through
co-lending relationships rather than simply reflecting shared exposures to troubled corporate
borrowers.

To isolate the effect of Lehman Brothers’ failure on network-driven risk spillovers, we impose
several key sample restrictions. First, we exclude major recipients of the Troubled Asset Relief
Program (TARP)—including Citigroup, Bank of America, JPMorgan Chase, and other large
financial institutions that received substantial government support. This step is essential, as
direct government intervention may obscure the natural network-based transmission dynamics
we seek to identify. Second, we remove institutions with significant exposure to Bear Stearns
to ensure our estimates reflect the distinct effects of Lehman’s collapse rather than residual
impacts from Bear Stearns’ earlier failure in March 2008. Third, we restrict the analysis to
a window covering two quarters before and after Lehman’s September 2008 bankruptcy. This
window strikes a balance between temporal proximity to the shock and allowing enough time
to detect risk propagation through the network, while minimizing contamination from concur-
rent macroeconomic events. Together, these restrictions strengthen the internal validity of our
identification strategy by approximating a cleaner quasi-natural experiment. We estimate the
following DiD regression specification:

CLN scorei,t = β1Lehman Co-Lenderi × Post Lehman Failuret + γi + θt + εi,t (3.2)

where CLN scorei,t is the network risk score for bank i at time t. The indicator variable
Lehman Co-Lenderi equals 1 for banks with co-lending relationships with Lehman Brothers
prior to its collapse. The indicator variable Post Lehman Failuret equals 1 for the quarters
following September 2008. Fixed effects γi (bank) and θt (year-quarter) absorb time-invariant
bank characteristics and common temporal shocks, respectively.

15As detailed in the bankruptcy examiner’s report (Valukas, 2010), Lehman’s collapse stemmed from its 2006
strategic expansion into proprietary commercial real estate investments and a 2007 “countercyclical growth strat-
egy” that increased real estate exposure at a time when other institutions were scaling back.
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[Insert Table 3.3 about here]

Panel A of Table 3.3 presents results from the standard DiD specification. The coefficient
estimate on the interaction term is positive and statistically significant, indicating that banks
with co-lending relationships with Lehman experienced a 28–29% increase in their CLN scores
relative to the sample mean following Lehman’s failure.16 These results provide strong evidence
that risk transmission operates through co-lending network connections, rather than being solely
driven by shared exposure to distressed borrowers. As shown in Part (b) of Figure 3.5, the
dynamic DiD estimation further supports this interpretation: it reveals no significant differences
in pre-trends and shows that the treatment effect begins to emerge in the first quarter following
Lehman’s collapse.

Panel B of Table 3.3 reports results from the synthetic difference-in-differences (SDID) method
of Arkhangelsky et al. (2021), which constructs counterfactual outcomes using matched control
groups. We adopt SDID to strengthen causal inference and relax the parallel trends assumption
by ensuring better balance in both covariates and pre-treatment trends between treated and
control banks. In our primary specification (column 1), we construct synthetic controls based on
lending-related characteristics—loan size, loan growth, and loan loss allowance. Since Lehman’s
collapse was driven by factors unrelated to its corporate lending activities, matching on these
characteristics ensures that treated and control banks had comparable lending profiles prior to
the shock. The SDID estimate yields an average treatment effect on the treated (ATT) of 0.140,
statistically significant at the 5% level. In column 2, we confirm the robustness of this effect by
incorporating the full set of bank-level control variables. These results imply a 26–30% increase
in risk scores for Lehman’s co-lenders relative to their synthetic counterparts.17 Notably, both
specifications provide strong validation that the CLN score captures genuine risk transmission
through co-lending network channels, rather than reflecting common exposure to distressed
corporate borrowers.

3.6 The Risk Predictability of Bank CLN Score

3.6.1 Predicting future bank-specific risks

Having validated that the CLN score captures risk spillovers transmitted through co-lending
networks, we next investigate its predictive power for future bank risk. Specifically, we employ
loan loss provisions scaled by total assets as the dependent variable in our baseline analysis.

16The percentage increases are calculated by dividing the coefficient estimates from Table 3.3 Panel A (0.128 and
0.134) by the sample mean CLN score of 0.465 from Table 3.1, resulting relative increases of 27.5% (0.128/0.465)
and 28.8% (0.134/0.465), respectively.

17The relative increases of 30.1% and 26.7% are calculated by dividing the ATT estimates (0.140 and 0.124)
by the sample mean CLN score of 0.465.
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Loan loss provisions reflect the reserves that banks set aside for potential loan defaults and serve
as a forward-looking measure of credit risk. These provisions not only impact earnings through
expense recognition but also signal banks’ expectations regarding future loan performance. To
empirically test whether the CLN score predicts future risk, we estimate the following h-quarter-
ahead predictive regression:

LLPi,t+h = β1CLN scorei,t + γXi,t + Fixed Effects + εi,t+h (3.3)

where LLPi,t+h is the loan loss provisions for bank i at time t + h, CLN scorei,t refers to the
bank-level co-lending network risk score generated by our CoLGNN model of bank i at time
t, Xi,t is the vector of bank characteristics at time t and we control for year-quarter fixed
effects to capture the unobservable heterogeneity at each year-quarter level.18 For bank-level
characteristics, we control for bank size, equity capital ratio, deposits, return on assets, loan
portfolio size, growth rate of loan portfolio, loan loss allowance, and liquidity ratio. To maintain
consistency between the samples of public and private banks, we exclude market-based control
variables due to the limited availability of such data for private banks.19 Standard errors are
clustered at the bank level. Table 3.4 reports the results.

[Insert Table 3.4 about here]

We present the results of predictive regressions ranging from 1-quarter-ahead to 8-quarter-ahead
horizons. The results show that banks with higher co-lending network risk scores (CLN score)
tend to have higher loan loss provisions in the future. Specifically, in Panel A of Table 3.4, which
includes all sample banks, the coefficient estimates of CLN scorei,t are consistently positive
across all horizons and statistically significant at the 1% level for the first 7 quarters. For
instance, column (1) shows that a one-standard-deviation increase in CLN scorei,t corresponds
to a 0.042-percentage-point rise (i.e., 0.458*0.093) in scaled quarterly loan loss provisions in
the subsequent quarter. Economically, considering an average natural logarithm of bank size
of 16.164 (in thousands), this translates to an expected annual loan loss of about $18 million.
These findings strongly support Hypothesis 1 that higher co-lending network risk of a bank
predicts greater future bank risks.

Panels B and C of Table 3.4, focusing on unlabeled and private banks respectively, validate
the CLN scorei,t’s out-of-sample prediction efficacy.20 The coefficient estimates of CLN scorei,t

remain positive and mostly significant at the 1% level. Consistent with Hypothesis 2, the results
18We do not control for bank fixed effects since our baseline results focus the cross-sectional risk predictive

power of bank co-lending network risk score. However, our results remain robust after including the bank fixed
effects, as shown in Table 3.A4 in the Appendix.

19In untabulated results, we additionally include the market-to-book equity ratio and quarterly buy-and-hold
stock returns for public banks. Our results remain qualitatively unchanged.

20Panel B includes the remaining 50% unlabeled public banks and all private banks. Panel C includes only
private banks.
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in Panel C of Table 3.4 show that CLN scorei,t exhibits a robust predictive ability for future risks
of private banks. This underscores how our semi-supervised CoLGNN model effectively captures
risk transmission by leveraging network topology and neighboring banks’ risk profiles, thereby
providing a robust risk assessment framework for private banks that traditionally lack market-
based risk metrics. For example, a one-standard device increase in CLN scorei,t is associated
with a 0.042-percentage-point increase (i.e., 0.458 × 0.092) in the quarterly loan loss provisions
scaled one year ahead (column (4) in Panel C), which is around 12% of the sample mean loan
loss provisions of 0.362. Economically, it indicates a sizeable expected loan loss of about $19
million per year.

We conduct several robustness checks. First, recognizing that co-lending network formation and
banks’ risk profiles may be influenced by their reputation and lending specialization, we include
controls for these factors. Specifically, a bank’s reputation is measured by its market share of
lead-arranged syndicated loans, while lending specialization is assessed based on the focus of its
lending activities within the syndicated loan market and its concentration in specific industries.
Table 3.A3 in the Appendix shows that even after accounting for these factors, the coefficient
estimates of CLN scorei,t remain both statistically and economically significant.

Second, we conduct horse-racing tests to compare the in-sample and out-of-sample predictive
performance of the CLN score against the bank Z-score, following the empirical approach of
Barwick et al. (2023). The accounting-based bank Z-score is one of the few risk metrics avail-
able for banks regardless of stock market information availability and has been widely used to
evaluate bank risk in recent literature (e.g. Houston et al., 2010; Laeven & Levine, 2009).21

Specifically, we perform tests on bank risk predictions on each time horizon using three sam-
ples: a) labeled banks only, b) unlabeled banks, and c) private banks. We consider four model
specifications: 1) bank-level controls only, 2) bank Z-score and control variables, 3) bank CLN
score and control variables, and 4) all variables combined. For simplicity, Table 3.5 reports
results for 2, 4, and 6 quarters ahead horizons.22 The results show that the CLN score consis-
tently improves the adjusted in-sample R2 across all time horizons (for example, Panel A shows
a increase from 0.560 to 0.568), while the inclusion of the bank Z-score yields no discernible
improvement.

Using the coefficient estimates from Panels A, D and G, we evaluate out-of-sample predictions
for unlabeled banks and private banks. The results show that the CLN score consistently reduces
prediction errors across all horizons. For instance, at the 2-quarter horizon, the inclusion of the
CLN score reduces the RMSE from 0.599 (controls only) to 0.569 (CLN score and controls) for
unlabeled banks and from 0.665 (controls only) to 0.629 (CLN score and controls) for private

21Following Laeven and Levine (2009), we construct the bank Z-score as Bank Z-score = (ROA+CAR)
σ(ROA) , where

ROA is the return on assets, CAR is the ratio of equity to assets, and σ(ROA) is the standard deviation of ROA.
22In untabulated results, we also examine the predictive regressions of bank Z-score and CLN score across all

horizons from 1 to 8 quarters. The results remain qualitatively consistent throughout.
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banks. This pattern persists at longer horizons, with the 6-quarter horizon still showing RMSE
decreases from 0.669 to 0.655 for unlabeled banks and from 0.712 to 0.699 for private banks. In
contrast, the bank Z-score either increases RMSE or offers negligible improvements, indicating
its limited value for predictive accuracy. These findings validate the CLN score’s superior ability
to forecast future bank risks, particularly for private banks where traditional market-based risk
measures are unavailable. The CLN score’s predictive strength derives from its integration of
accounting information with the topological dynamics of banks’ co-lending networks and the
risk profiles of neighboring banks.

[Insert Table 3.5 about here]

Lastly, we include bank-fixed effects to account for unobserved, time-invariant heterogeneity
across banks. Table 3.A4 in the Appendix confirms that the predictive power of CLN scorei,t

remains robust and statistically highly significant even after controlling for bank-fixed effects.
Meanwhile, the economic magnitudes of the coefficient estimates are comparable to those in the
baseline results presented in Table 3.4.

3.6.2 Comparison with traditional network centrality

This section evaluates our proposed co-lending network (CLN) risk score against traditional net-
work centrality measures in predicting future bank risks. Metrics such as eigenvector centrality,
closeness centrality, and degree centrality are widely utilized in financial network analysis (e.g.,
Battiston et al., 2012; El-Khatib et al., 2015; Rossi et al., 2018) and primarily measure a node’s
structural importance within a network. However, these metrics fall short in capturing dynamic
risk spillovers from neighboring banks, a critical determinant of future bank risks. For instance,
a highly central bank in the co-lending network may be more stable due to diversification or
more vulnerable due to heightened exposure, depending on the characteristics of its connections.
Likewise, a peripheral bank might seem insulated from systemic shocks but could be critically
dependent on a few key relationships. Traditional centrality measures overlook the risk profiles
of neighboring nodes, which are essential in understanding risk propagation within co-lending
networks. By contrast, the CLN score integrates both the network’s structural topology and the
risk characteristics of connected banks, offering a more comprehensive and nuanced approach
to assessing future bank risks.

We compare the predictive power of the CLN score against various centrality measures, including
both in-degree and out-degree versions of these measures. Traditional centrality measures are
typically designed for undirected networks. To account for the centrality of a bank from both the
lead arranger and participant perspectives, we estimate both in-degree and out-degree versions
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of network centrality. Appendix B.2 provides detailed discussions and definitions of all network
centrality measures.

Figure 3.6 displays the coefficient estimates of the CLN score alongside these centrality mea-
sures in predicting bank loan loss provisions four quarters ahead.23 The figure shows that the
coefficient estimates of the CLN score remain statistically significant across all specifications
and samples. In contrast, traditional network centrality measures fail to predict future bank
risks. This limitation likely arises from their inability to differentiate the nature of connec-
tions—whether a bank is predominantly linked to risky or safe counterparties—or to account
for the specific attributes of lending relationships.

[Insert Figure 3.6 about here]

3.6.3 Revolver-based CLN score

As discussed earlier, lead arrangers often sell substantial portions of their initial loan allocations,
undermining the assumption of sustained exposure typically associated with term loans. To ad-
dress this concern, we construct the CLN score based on co-lending networks formed exclusively
through revolving credit facilities—an instrument less likely to be traded in secondary markets
due to its continuous drawdown structure and the need for intensive, ongoing monitoring. This
design ensures that the co-lending ties captured by the CLN score more accurately reflect per-
sistent exposure and monitoring responsibilities, thereby providing a more credible channel for
risk transmission.

To formalize this approach, we build a modified co-lending network and re-estimate the CoL-
GNN model using only revolving credit facilities. The literature documents important structural
differences between revolving facilities and term loans (Blickle et al., 2020). Because revolvers
are rarely sold in secondary markets, they create stronger monitoring incentives: future draw-
downs are contingent on borrower performance and creditworthiness. Consequently, lead lenders
must remain actively engaged with borrowers over the life of the facility, reinforcing long-term
exposure and amplifying the potential for risk spillovers through the co-lending network.

Our implementation follows the same semi-supervised learning framework as in Section 3.4.1,
but restricts both the network structure and edge features to those derived from revolving credit
lines. As a robustness check, we conduct a placebo test by constructing an alternative CLN score
using only Term Loan B and above—tranches more likely to be held by institutional investors
such as CLOs and asset managers and sold in the secondary market after loan initiation (Lim
et al., 2014). These tranches are less likely to reflect enduring lender-borrower relationships,
providing a useful benchmark for evaluating the strength and credibility of our measure.

23The results remain consistent across different predictive horizons.
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Table 3.6 presents the findings, with particular emphasis on private banks. These institutions
offer an ideal setting for analyzing risk transmission mechanisms, as they operate under less
regulatory scrutiny, depend more heavily on relationship-based lending, and, crucially, lack
publicly observable market-based risk measures.

[Insert Table 3.6 about here]

Panel A shows that the coefficient estimates for the CLN score (Revolver) are positive and
statistically significant across all forecast horizons, consistently exhibiting larger economic effects
than those reported for our baseline CLN score in Panel C of Table 3.4. This enhanced predictive
power supports the view that risk transmission in co-lending networks is primarily driven by ex-
post monitoring relationships. In contrast, the placebo test in Panel B of Table 3.6, which uses
Term Loan B and above, yields predominantly insignificant and economically modest coefficient
estimates, with magnitudes substantially smaller than those associated with revolvers.

The superior performance of the revolver-based CLN score highlights that risk transmission op-
erates primarily through monitoring-intensive relationships, where lead arrangers retain ongoing
oversight responsibilities and economic interests. These enduring ties—anchored in administra-
tive obligations, informational advantages, and reputational concerns—serve as the principal
channels through which financial risk propagates across the co-lending network.

3.6.4 Cross-Sectional Variation in the Risk Predictive Power

We now investigate the cross-sectional variation in the risk predictive power of the CLN score. As
proposed in Hypothesis 3, we expect that the predictive power of a bank’s CLN score is stronger
for banks that are inherently more vulnerable within the co-lending network. These include
banks characterized by smaller size, poorer performance, higher return volatility, lower capital
adequacy, and greater operational complexity. Such institutions are less equipped to absorb
negative shocks, as their limited resilience makes risk management processes more challenging,
particularly in the face of risk propagation within the network. Consequently, the risk profiles
of these banks are likely to be more sensitive to the risk dynamics of their neighboring banks
in the co-lending network.

Table 3.7 presents the results on the cross-sectional variation in the risk predictive power of
the CLN score, focusing on private banks where market-based risk signals are lacking and our
method offers a contribution. Untabulated results for public banks are qualitatively similar.
Each panel investigates a distinct vulnerability characteristic that may heighten a bank’s sensi-
tivity to network-induced risk transmission.

[Insert Table 3.7 about here]
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First, smaller banks with lower market share are less equipped to internalize negative spillovers
(Giannetti & Saidi, 2019). Specifically, these banks often lack sufficient capital buffers and the
sophisticated risk management capabilities necessary to mitigate the effects of adverse shocks
originating from their co-lending partners. The coefficient estimates of the interaction terms
between CLN scorei,t and Small banki,t are positive and mostly statistically significant in Panel
A of Table 3.7. For example, at the five-quarter horizon (h=5), smaller banks are 2.41 times
more sensitive to co-lending network risk than their larger counterparts.24

Second, banks experiencing negative performance shocks face immediate operational pressures
that can compromise their due diligence and monitoring capabilities (Gopalan et al., 2011).
Specifically, we calculate unexpected earnings as the year-over-year change in quarterly earnings
per share (EPS) and standardize these unexpected earnings (SUE) by dividing them by their
standard deviation.25 We then introduce an indicator, Negative earnings shocki,t, which equals 1
for bank i at time t if the SUE is negative, indicating a negative performance shock. Additionally,
we estimate accounting-based earnings volatility using ROA volatility, a measure applicable to
all banks irrespective of stock price availability. ROA volatility is calculated as the standard
deviation of quarterly ROA over the preceding five-year period for each bank. To identify banks
experiencing significant earnings fluctuations in a given quarter, we introduce an indicator
High ROA volatilityi,t. The results in Panels B and C of Table 3.7 suggest that the bank CLN
score has greater predictive power for banks with poorer recent performance and volatile returns.
At two quarters ahead, while the baseline effect for banks without earnings shocks is 0.032, the
total effect for banks with negative earnings shocks is 0.032+0.136=0.168, representing a 5.3-fold
increase in sensitivity to co-lending network risk.

Third, we examine whether banks with greater structural complexity exhibit heightened vulner-
ability to risk spillovers. We employ a similar accounting “Disaggregation” measure proposed
by Chen et al. (2015), by using the ratio of non-missing BHCK items to total BHCK items
reported in the FR Y-9C filings.26 The rationale is that a higher proportion of filled items
in FR Y-9C filings indicates a broader scope of banking operations, encompassing not only
standard balance-sheet entries but also detailed off-balance-sheet activities such as unused loan
commitments and credit derivatives. As banks engage in a wider range of financial products,
their business operations become inherently more complex, rendering effective risk management
more difficult to implement. The FR Y-9C, with its extensive list of 2,374 distinct line items
with the BHCK prefix as of 2020, provides a robust framework for capturing such operational

24The baseline effect of the CLN score for larger banks is 0.049, while for smaller banks it is 0.049+0.069=0.118.
25Unexpected earnings (UE) for bank i at time t are defined as UEi,t = EPSi,t − EPSi,t−4, and standardized

unexpected earnings (SUE) are calculated as SUEi,t = UEi,t

σ(UEi,t) .
26Chen et al. (2015) use the ratio of non-missing items to total items in Compustat. We argue that the

proportion of non-missing items in FR Y-9C filings serves as a proxy for the complexity of a bank’s business
operations.
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complexity.27 Each non-missing entry in these filings signifies active engagement in a specific
banking activity or service, making the ratio of non-missing to total items an effective proxy
for a bank’s business complexity. This measure reflects the diversity and intricacy of banking
operations, which are closely tied to the challenges and nuances of managing risks in complex
financial environments.

More complex banks face coordination challenges in aligning risk management practices across
multiple business domains, potentially amplifying their susceptibility to network-induced risks.
Panel D of Table 3.7 reveals that the interaction terms are positive and statistically signifi-
cant across multiple prediction horizons. For example, at the two-quarter horizon, the CLN
score coefficient for highly complex banks (0.053+0.072=0.125) is 2.4 times larger than for less
complex banks. These findings suggest that organizationally complex banks are indeed more
vulnerable to risk transmission through co-lending networks. Additionally, we investigate the
predictive power of the CLN score conditional on bank opacity. We employ discretionary loan
loss provisions as a proxy for bank opacity following Jiang et al. (2016).28 Table 3.A5 in the Ap-
pendix reveals that the coefficient estimates for the interaction terms between Bank Opacityi,t

and CLN scorei,t are mostly positive and statistically significant across all three samples. These
findings suggest that the predictive power of bank CLN score is amplified for more opaque
banks.

Finally, Panel E of Table 3.7 examines how capital adequacy affects the predictive power of
bank CLN score. Banks with lower capital adequacy are more susceptible to financial distress
because they have weaker capital buffers to absorb losses. Reduced loss-absorbing capacity can
increase banks’ sensitivity to risk spillovers inside the co-lending network. We identify banks
with low capital adequacy using an indicator variable that captures institutions in the bottom
quartile of risk-based capital ratios. The interaction terms between Low capital adequacyi,t and
CLN scorei,t are strongly significant at shorter horizons (quarters 1-3), suggesting that capital-
constrained banks face immediate vulnerability to risk spillovers. The significance wanes at
longer horizons, potentially reflecting regulatory pressure or market discipline that encourages
capital-constrained banks to improve their positions over time, thus reducing their susceptibility
to network risks in the longer term.

27By comparison, Compustat lists only 974 items as of 2024, highlighting the FR Y-9C’s broader scope and its
ability to reflect the multifaceted nature of banking operations.

28The bank opacity is determined by the natural logarithm of the absolute value of residuals from a regression
of loan loss provisions on changes in non-performing assets, among other factors, incorporating state-quarter fixed
effects. The regression specification is: LLPi,t,j = α1∆NPAi,j,t+1 +α2∆NPAi,j,t +α3∆NPAi,j,t−1 +α4Sizei,j,t−1 +
α5∆Loani,j,t + δi,t + ϵi,j,t where LLPi,j,t represents loan loss provisions scaled by lagged total loans for bank i
in state j at quarter t, ∆NPAi,j,t denotes the change in non-performing assets for bank i in state j from quarter
t − 1 to t, scaled by lagged total loans. Sizei,j,t−1 is the natural logarithm of the bank’s total assets at t − 1, and
∆Loani,j,t captures the change in total loans from t − 1 to t. δj,t represents state-quarter fixed effects, capturing
regional and temporal variations. The regression model includes both lead and lag of ∆NPAi,j,t to reflect the
banks’ use of forward-looking and historical non-performing asset data in provisioning for loan losses.
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3.6.5 Further Results

Predicting other bank risk metrics

In this section, we show that the risk predictive ability of the bank CLN score extends to other
bank risk metrics beyond loan loss provisions. Specifically, we use non-performing loans (NPLs)
as an alternative dependent variable. Unlike loan loss provisions, which may be influenced by
managerial discretion, NPLs represent loans where borrowers have ceased making interest or
principal payments. As such, NPLs provide a direct measure of the bank’s credit risk exposure,
reflecting actual loan performance. Table 3.8 reports the results of predicting future NPLs.

[Insert Table 3.8 about here]

In Panel A, the coefficient estimates of CLN scorei,t are positive and highly significant at the
1% level across all prediction horizons. In terms of economic significance, for instance, a one-
standard-deviation increase in CLN scorei,t is, on average, related to a 0.099-percentage-point
rise (i.e., 0.458*0.216) in the ratio of NPLs to total assets, representing approximately 9.7%
of the sample mean NPL ratio of 1.019. This translates into an estimated annual increase in
non-performing loans of approximately $41 million. Panels B and C further confirm the out-
of-sample predictive strength of the CLN score for unlabeled and private banks, with results
remaining qualitatively consistent.

Additionally, we validate the risk predictive power of bank-level CLN score on well-known and
widely-used public bank risk metrics, including the default probability (Merton, 1974), the
modified default probabilities (Nagel & Purnanandam, 2020),29, and the natural logarithm of
stock return idiosyncratic volatility (ln(IVOL)). Due to the reliance on stock market information,
the sample is restricted to public banks. We employ specifications similar to Equation (3.3),
replacing the dependent variable with these public bank risk metrics. Table 3.9 reports the
results.

[Insert Table 3.9 about here]

The results show that the coefficient estimates for bank CLN score are positive and highly
statistically significant across all three market-based bank risk measures and various predictive
horizons. These findings provide strong evidence of the CLN score’s effectiveness in predicting
future bank risks.

29The default probability is estimated via a KMV iterative approach. The modified default probability is
estimated using the data and code provided by Stefan Nagel, available at https://voices.uchicago.edu/stefannagel/
code-and-data/.

https://voices.uchicago.edu/stefannagel/code-and-data/
https://voices.uchicago.edu/stefannagel/code-and-data/
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Predicting future bank profitability

We further examine the predictive power of bank CLN score on future bank profitability, an-
ticipating that the risk spillover effects within the co-lending network may influence banks’
profitability. To test this, we estimate predictive regression models similar to Equation (3.3),
replacing the bank risk measures with the profitability metric, return on assets (ROA). Ta-
ble 3.10 reports the results.

[Insert Table 3.10 about here]

The results indicate that the coefficient estimates for bank CLN scorei,t are negative and statis-
tically significant at the 1% level across all specifications in Panel A and most specifications in
Panels B and C. These findings demonstrate that a higher bank-level CLN scorei,t predicts lower
bank profitability over the next eight quarters. Economically, column (1) of Panel A reveals
that a one-standard-deviation increase in CLN scorei,t is associated with a 0.121-percentage-
point decrease (i.e., -0.265 × 0.458) in ROA in the next quarter, representing approximately
22% of the sample mean ROA of 0.54%.

The predictability after controlling for bank stock performance

We further examine the predictive power of bank CLN score after controlling for bank stock
performance, measured by quarterly stock returns, within the subsample of public banks. In
Panel A of Table 3.A6 in the Appendix, we find that controlling for quarterly bank stock
returns does not reduce the predictive strength of CLN scorei,t. Its coefficient estimates remain
significant across all dependent variables—loan loss provisions, non-performing loans, and ROA.

Importantly, if the predictive power of the CLN score were due to banks with high CLN scores
experiencing shared negative shocks (e.g., common major borrower defaults), then controlling for
the stock returns of these banks should significantly diminish the CLN score’s predictive power.
However, our findings suggest otherwise. Specifically, bank CLN score continues to significantly
predict future loan loss provisions, non-performing loans, and ROA after controlling for bank
stock returns, consistent with its role in capturing risk spillovers through the co-lending network.

Notably, Panel B of Table 3.A6 further shows that bank CLN score significantly outperforms
quarterly bank stock returns in predicting future non-performing loans and ROA for the sub-
sample of unlabeled public banks. Our CoLGNN provide more informative signals than middle-
ranked stock returns. We find similar patterns for market-based risk measures in Table 3.A7,
where the CLN score maintains significant predictive power for Merton default probability, mod-
ified default probability, and idiosyncratic volatility even after controlling for contemporaneous
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stock returns. These findings collectively highlight the utility of the CLN score in capturing
bank risks beyond conventional stock performance metrics.

Time-varying predictive power of bank CLN score

We further examine the predictive power of bank CLN score across different subperiods within
the full sample period. Table 3.A8 in the Appendix presents the results of this analysis, where the
sample is equally split into two halves to validate the predictive ability of bank-level CLN score.
We find that the CLN scorei,t consistently demonstrates robust and statistically significant
predictive power across all subsamples and different dependent variables—loan loss provisions,
non-performing loans, and ROA.

Additionally, Table 3.A9 in the Appendix focuses on the predictive power of bank-level CLN
score during the Global Financial Crisis (GFC). We introduce a GFC indicator, set to 1 for
year-quarters between mid-2007 and the end of 2008, and 0 otherwise. The interaction term
between CLN scorei,t and the GFC indicator is both statistically and economically significant,
indicating that the predictive power of bank CLN score is particularly pronounced during peri-
ods of heightened financial instability. During the GFC, the interconnected nature of financial
institutions amplifies the transmission of risk throughout the banking sector. As banks face
simultaneous liquidity constraints and credit defaults, risk propagation through co-lending re-
lationships becomes more severe, underscoring the importance of network-based risk measures.
These results highlight the effectiveness of the CLN score in capturing network spillover risks
during crisis periods, when traditional risk metrics often fail to capture the full extent of inter-
connected risks.

3.7 Conclusion

This paper develops the Co-Lending Graph Neural Network (CoLGNN), an AI-driven frame-
work designed to model risk transmission in syndicated lending markets. By integrating the
topological structure of the co-lending network with rich lender and loan features, our deep
learning approach generates a bank-level CLN risk score that robustly predicts future bank
distress and profitability. The model significantly enhances early-warning risk prediction, par-
ticularly for private and smaller banks that are often overlooked by traditional market-based
risk metrics.

We first validate the CLN score’s ability to capture network-based risk spillovers using two
complementary quasi-natural experiments. Credit rating downgrades serve as targeted, bank-
level external shocks, while the collapse of Lehman Brothers provides a large, non-lending
shock. In both settings, we find that banks with inward co-lending ties to affected institutions
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experience subsequent and significant increases in their CLN scores. These findings confirm
that the CLN score reflects genuine risk spillovers through the co-lending network rather than
shared exposure to distressed corporate borrowers.

Having validated the CLN score’s ability in capturing network risk spillovers, we next document
the strong predictive power of the CLN score for future bank risk up to two years ahead. Its
forecasting accuracy is especially pronounced among more vulnerable institutions—those that
are smaller, less profitable, more volatile, less capitalized, and more operationally complex. This
risk predictive ability is particularly valuable for private banks, where traditional market-based
risk signals are often unavailable.

The findings of the study provide implications for financial institutions and regulators. They
highlight the need to adopt a holistic approach to risk management that extends beyond firm-
level assessments to encompass the broader financial ecosystem. For regulators, the results
advocate for supervisory frameworks that explicitly account for the interconnected nature of
banking networks. By doing so, financial systems can better absorb shocks originating from
individual institutions and mitigate systemic vulnerabilities.

The CoLGNN framework represents a significant advancement in financial risk modeling. As
an AI-powered and scalable tool, it enables regulators and market participants to detect hidden
interdependencies and quantify network-based risk spillovers with greater precision. Integrating
network-aware metrics such as the CLN score into stress testing, early-warning systems, and
macroprudential policy can enhance the resilience of modern banking systems. Future research
may build on this approach to examine dynamic contagion mechanisms, cross-border spillovers,
and the design of targeted regulatory interventions in complex financial networks.
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Figure 3.1: Estimating Bank Risk via Co-Lending Networks and CoLGNN

Figure 3.1 shows the flow chart of our estimation of bank co-lending network risk via Co-Lending Networks and
CoLGNN. Specifically, the figure illustrates the co-lending network at time t. At stage 1, we classify banks with
top-performed stock market performance to the “safe” group and classify banks with bottom-performed stock
market performance to the “risky” group. The remaining public banks and private banks are treated as unlabeled
samples. At stage 2, we construct the co-lending network by utilizing the all syndicated loans originated in the
last five years (from t − 20 to t − 1). Each co-lending network is a directed network with edges points from each
lead arrange to other banks within the syndicate. At stage 3, we estimate bank CLN score CoLGNN model as
described in section B.1.2. At stage 4, we perform empirical experiment showing the Bank CLN score effectively
captures risk spillovers in the co-lending network, serving as an early-warning indicator of each bank’s future risk
and performance.
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Figure 3.2: Graph Diffusion Module

Figure 3.2 visually illustrate the CoLGNN framework which includes a graph convolution with edge embedding.
At stage 3.1, we prepare the high dimensional node features and edge features using bank characteristics from
FR Y9-C and the loan characteristics from DealScan, respectively. At stage 3.2, we aggregate the all features
at node level. To capture the risk spillover in the co-lending network, we utilize the message-passing paradigm
design in the graph neural network by creating in-flow aggregation and out-flow aggregation. At stage 3.3, we
calculate the node-wise representation for each layer of CoLGNN and use the softmax activation function to
introduce non-linearity into the output of a neuron. At stage 3.4, the parameter matrix of CoLGNN is estimated
by minimizing the binary cross-entropy (BCE) loss function. At stage 3.5, we consider the estimated probabilities
to the “risky” class as the final co-lending network risk score for bank i at time t.
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Figure 3.3: CoLGNN One-Layer Graph Neural Network Visualization Example
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Step 1.1: Calculate Diffusion Probabilty Matrix
(Random Walk Laplacian)

In this example, we start with a directed graph of 7 nodes
(each node represents a bank, and direct edges refer to
the co-lending relationship from lead arrangers to
participant banks). 

In CoLGNN, we use graph convolutional operations to
propagate information between nodes. A key step in these
operations is the calculation of the Laplacian matrix,
which helps normalize the adjacency matrix and better
distribute node features across the graph.

Intuition: The Laplacian helps in 1)  Smoothing information
flow: It balances the information flow between connected and
unconnected nodes, allowing for a better understanding of the
network structure. 2)  Maintaining stability: By normalizing the
adjacency matrix, the Laplacian matrix ensures that the
propagation of information between nodes does not explode or
vanish during training.

Step 1.1: Calculate Diffusion Probabilty Matrix
(Random Walk Laplacian)

Step 1.2: Find the Low Dimensional Embedding
of Edge Features  

We represent the edge features with an edge matrix  ,
where each entry   corresponds to a feature associated
with the edge  , where   (we show a
dimensionlity reduction from 3 dimensions as a toy
example, while in our baseline task, we processed a high
dimensional edge features).  The goal is to learn a low-
dimensional representation of these edge features,
which captures the most salient aspects of the
relationships between nodes, while discarding redundant
or irrelevant information.

Intuition: By learning a low-dimensional embedding, the model
can focus on the essential features that contribute most to the
risk propagation analysis.  The weight matrix  is learned during
training, meaning that the CoLGNN will adjust the weights to
create embeddings that are most useful for the tasks.

Let's suppose node 3 is labelled as "Safe" and node 7 is
labelled as "Risky". Other nodes are unlabeled nodes.

Note: For simplicity and visualization, we only consider one layer
of CoLGNN model and show the estimated risk score from this
simplified CoLGNN model.
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Figure 3.3: Continued

The edge embedding matrix  encodes the learned
relationships between nodes in the graph, replacing binary or
weighted edge information in the adjacency matrix with
learned low-dimensional representations. These embeddings
provide a richer, more informative view of the graph structure
by capturing key features of the connections between nodes.
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Step 2: Put Embedding Values into Edge Positions
in Adjancency Matrix to Become Edge Embedding Matrix
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Walk Laplacian

Features of Graph

Intuition: In the context of co-lending network,  might represent
the financial explosure from syndicated loans between Bank  and
Bank , learned from the data. This allows the CoLGNN to focus on
these learned features rather than simply the existence of
connections, providing deeper insights into the risk transmission
pathways in the financial network.

Step 4: Dot Product between
Random Walk Laplacian and

Features (Aggregation)

We perform the aggregation operation, where the new
matrix    (obtained from merging the edge embeddings 
and random walk Laplacian ) is used to aggregate the
feature information across the graph. 

Intuition:  By multiplying the graph structure    with the node
features  , we aggregate feature information from neighbouring
nodes. Each node’s new feature representation   now reflects not
just its characteristics but also the influence of its neighbours,
weighted by the learned edge embedding and edge connections.

Step 5: Adaptive Signal Channel Mixing

In this step, we apply a linear transformation to the
aggregated features . This transformation, known as
adaptive signal channel mixing, uses a learnable weight
matrix  to mix and combine the feature dimensions,
resulting in new feature representations for each node.

Intuition:  The learnable weight matrix   is learned during the
training process, meaning the model adaptively determines the
best way to combine features or channels from the node
embeddings. Each dimension of the node feature vector   can be
thought of as a separate "signal channel."  For example, in a
banking context, different channels might represent various types
of bank characteristics (e.g., liquidity, deposits and leverage). This
step can be seen as learning which channels (or dimensions) of
information are most important for the task. 

Step 6: Activation Function and Risk Score
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Figure 3.4: CoLGNN Feature Importance

Figure 3.4 displays the importance scores of the top-ranked (a) edge features (loan characteristics) and (b)
node features (bank characteristics) based on Integrated Gradients attributions, averaged across all quarterly
co-lending networks in our sample. The importance scores quantify each feature’s contribution to the CLN risk
score prediction using the Integrated Gradients method (Sundararajan et al., 2017), which measures attribution
by integrating the partial derivatives of model output with respect to each input feature along a straight-line
path from a reference point to the actual input values. For each feature, we compute the absolute values of these
attributions and average them across all networks.

0 25 50 75 100 125 150 175 200
Average Importance Score

Tranche Type: Revolver (0/1)

Loan Secured (0/1)

League Table Eligibility (0/1)

Senior Unsecured (0/1)

General Syndication (0/1)

ln(Loan Size)

Sponsored (0/1)

Margin (bps)

All-In Spread Drawn (bps)

Number of Lead Banks

Refinancing (0/1)

Loan Maturity (months)

Connection Weight

Number of Lenders

Average Life (months)

Purpose: Working Capital (0/1)

General Covenants

Tranche Type: Term Loan A (0/1)

Financial Covenants

Purpose: Takeover (0/1)

Fe
at

ur
es

CoLGNN Edge Feature Importance (Top 20 Features)

(a) CoLGNN Edge Feature Importance

0 100 200 300 400 500
Average Importance Score

Total Loans

Return on Assets

Risk-Weighted Capital Ratio

Interest Income

Loan Loss Allowance

Liquidity Ratio

Equity Ratio

Loan Growth

Non-Performing Assets Ratio

Return on Equity

ln(Total Assets)

Total Liabilities

Non-Interest to Interest Income

Tier 1 Capital Ratio

Earnings per Share

Fe
at

ur
es

CoLGNN Node Feature Importance (Top 15 Features)

(b) CoLGNN Node Feature Importance



Unveiling Hidden Bank Vulnerabilities through AI-driven Co-Lending Networks 116

Figure 3.5: Dynamic Effects of Risk Transmission in Bank Co-Lending Networks

Figure 3.5 presents event study plots showing the dynamic effects of risk transmission through co-lending networks.
Figure (a) shows the dynamic DiD effects on bank CLN scores following the credit downgrades. Banks with co-
lending relationships to focal downgraded banks are treated banks, and other unconnected banks are control
banks. Figure (b) shows the dynamic estimated effects on bank CLN scores following the Lehman Brothers
bankruptcy in 2008Q3. Banks with co-lending relationships to Lehman Brothers are treated banks, and others
are control banks. Each plot displays difference-in-differences estimates with 90% confidence intervals. The
reference period (t=0) is indicated by the diamond marker.
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Figure 3.6: CLN Score and Centrality Measure Coefficient Estimates

Figure 3.6 compares the coefficient estimates of our CLN score (red dots) alongside various traditional network
centrality measures (blue dots) in predicting bank loan loss provisions four quarters ahead. Each centrality
measure was included in a separate regression alongside the CLN score, with all regressions including the same
control variables. While the CLN score consistently shows statistical significance across all samples, none of the
traditional network centrality measures demonstrate significant predictive power. The centrality measures are
defined in Appendix B.2.
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Table 3.1: Summary Statistics

Table 3.1 presents the summary statistics of our study. The loan-level samples from January 1990 to
December 2020. Definitions of the variables are provided in Table 2.A1 in the Appendix. All continuous variables
are winsorized by year at the 1st and 99th percentiles.

Observations Mean 10th Percentile Median 90th Percentile Standard Deviation
Bank-level Samples
CLN score 11662 0.465 0.000 0.313 1.000 0.458
Loan loss provision 11662 0.362 0.003 0.163 0.865 0.688
Size 11662 16.164 13.854 15.935 18.892 1.984
Equity capital 11662 0.104 0.069 0.098 0.139 0.042
ROA 11662 0.540 0.109 0.525 1.193 0.827
Loan size 11662 0.628 0.415 0.669 0.784 0.161
Loan growth 11662 0.035 -0.023 0.015 0.068 1.165
Loan loss allowance 11662 0.946 0.431 0.869 1.550 0.521
Liquidity 11662 0.199 0.080 0.179 0.350 0.112
Deposits 11662 0.549 0.293 0.579 0.743 0.180
Lead share 11662 0.004 0.000 0.000 0.007 0.014
Specialization in syndicated loan 11662 0.007 0.000 0.000 0.001 0.311
Specialization in industry 11662 0.226 0.000 0.000 1.000 0.341
Bank Z-score 11662 0.323 0.150 0.297 0.505 0.187
Bank nonperforming loans 10586 1.019 0.140 0.567 2.160 1.581
Standardized unexpected earnings 11294 0.039 -0.000 0.000 0.000 2.810
Bank complexity 11662 0.044 -0.172 0.062 0.242 0.154
Bank risk capital 8309 0.143 0.108 0.132 0.181 0.066
Modified default probability 6252 0.209 0.089 0.174 0.369 0.134
Default probability 6252 0.131 0.018 0.065 0.316 0.174
IVOL 8190 1.594 0.762 1.245 2.649 1.224

Loan-level Samples
ln(Loan Size) 66596 4.998 3.122 5.017 6.909 1.451
Loan Spread (bps) 66596 227.286 50.000 200.000 425.000 154.598
Loan Maturity (months) 66596 53.088 12.000 60.000 84.000 30.476
Lead Banks 66596 1.965 1.000 1.000 4.000 1.646
Lenders 66596 9.197 2.000 6.000 20.000 8.923
General covenants 66596 1.222 0.000 0.000 6.000 2.924
Financial covenants 66596 0.413 0.000 0.000 2.000 0.965
Loan secured 66596 0.400 0 0 1 0.490
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Table 3.2: Difference-in-Differences Estimation: Credit Downgrade Spillover

Table 3.2 shows the results of the difference-in-differences estimation using the focal banks’ credit down-
grade as exogenous shocks to the CLN score of neighboring banks in the co-lending network. The treatment
events are long-term credit downgrade at the entity level from S&P credit ratings for banks in our co-lending
network. In each event cohort, treatment groups are banks that have a inward direction with the focal bank
(from the focal bank to treatment banks) and control groups are banks that are not connected with the focal
banks. Treat equals to 1 for treatment banks and 0 for control banks. In each cohort, we use a two quarters
before and two quarters after (t − 2, t + 2) event window within each cohort. P ost indicator equals to 0 (1)
for all quarters before (after) the credit event in each cohort, and time dummies dj equal to 1 for the year
that is j quarter(s) after the treatment. Bank controls are lagged-one-period. Definitions of other variables
are provided in Table 2.A1 in the Appendix. Numbers in parentheses are are two-tailed t-statistics. Standard
errors are clustered at the bank level or double-clustered at both the cohort and bank levels, depending on the
specification. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4)
Post Credit Downgrade × Connected Banks 0.109∗∗∗ 0.109∗∗ 0.102∗∗∗ 0.102∗∗

(2.700) (2.354) (2.633) (2.279)
Size 0.241∗∗ 0.241∗∗

(2.567) (2.490)
Equity capital 1.769∗∗ 1.769∗∗

(2.498) (2.463)
Loan size -0.055 -0.055

(-0.140) (-0.129)
Loan growth -0.010∗∗∗ -0.010∗∗∗

(-7.363) (-8.410)
Deposits 0.339∗ 0.339

(1.710) (1.649)
ROA -0.077∗∗∗ -0.077∗∗

(-3.791) (-2.394)
Loan loss allowance -0.076∗∗ -0.076

(-2.040) (-1.499)
Liquidity -0.043 -0.043

(-0.114) (-0.108)
Cohort-YrQtr Fixed Effects Yes Yes Yes Yes
Cohort-Bank Fixed Effects Yes Yes Yes Yes
Clustering Bank Bank & Cohort Bank Bank & Cohort
Observations 5,939 5,939 5,939 5,939
Adjusted R2 0.277 0.277 0.286 0.285
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Table 3.3: Difference-in-Differences Estimation: Lehman Brothers Spillover

Table 3.3 shows the results of the difference-in-differences estimation using the Lehman Brothers failure
as an exogenous shock to the CLN score of neighboring banks in the co-lending network. The financial distress
that led to Lehman’s collapse stemmed primarily from its real estate investments and unstable funding, not
from deterioration in its corporate loan portfolio, helping isolate network transmission effects from common
exposure to troubled borrowers. The treatment group consists of banks with co-lending relationships with
Lehman Brothers prior to its collapse. The control group includes banks without such connections. We use a
two-quarter window before and after the Lehman failure (t-2, t+2), excluding major recipients of the Troubled
Asset Relief Program and banks with connections to Bear Stearns. Panel A presents the standard DiD results
with the interaction term capturing the effect on treated banks after Lehman’s collapse. Panel B shows
results from Arkhangelsky et al. (2021) synthetic difference-in-differences, where we construct counterfactual
outcomes using matched control groups based on lending characteristics and full bank controls. Bank controls
are lagged-one-period. Definitions of all variables are provided in Table 2.A1 in the Appendix. Numbers in
parentheses are standard errors clustered at the bank level. ***, **, and * indicate statistical significance at the
1%, 5%, and 10% levels, respectively.

Panel A: Standard DiD

(1) (2)
Lehman Brothers’ Co-Lender × Post Lehman Brothers Failure 0.128∗ 0.134∗∗

(0.071) (0.067)
Size 0.213

(0.463)
Equity capital -3.065∗∗

(1.470)
ROA 0.004

(0.015)
Loan size 0.304

(0.825)
Loan growth -0.444

(0.521)
Loan loss allowance 0.070

(0.064)
Liquidity 0.430

(0.594)
Bank Fixed Effects Yes Yes
Year-Quarter Fixed Effects Yes Yes
Observations 472 472
Adjusted R2 0.459 0.466

Panel B: Synthetic DiD

(1) (2)
Average Treatment Effect on the Treated 0.140∗∗ 0.124∗

(0.067) (0.072)
Controls Lending Characteristics Full
Observations 435 435
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Table 3.4: Bank Co-Lending Network Risk and Bank Loan Loss Provisions

Table 3.4 presents the h-quarter-ahead prediction results of bank-level CLN score for bank loan loss pro-
visions. The bank-level CLN score and control variables are measured at time t, and the dependent variable is
measured at time t + h. Panel A reports the results using all observations. Panel B shows the results using
unlabeled banks (banks who do not have assigned labels). Panel C shows the results using private banks only.
Panel B and C have extactly same control variables as Panel A. For simplicity, we do not report the coefficients
estimates of the control variables in the Panel B and C. Definitions of the variables are provided in Table 2.A1
in the Appendix. Numbers in parentheses are two-tailed t-statistics. Standard errors are clustered at the bank
level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
Loan loss provisions h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8
Panel A: All banks
CLN score 0.091∗∗∗ 0.090∗∗∗ 0.090∗∗∗ 0.071∗∗∗ 0.079∗∗∗ 0.059∗∗∗ 0.054∗∗∗ 0.024

(7.401) (7.191) (6.765) (5.179) (5.222) (3.833) (3.439) (1.342)
Size 0.035∗∗∗ 0.036∗∗∗ 0.036∗∗∗ 0.039∗∗∗ 0.039∗∗∗ 0.040∗∗∗ 0.042∗∗∗ 0.045∗∗∗

(3.719) (3.782) (3.676) (3.810) (3.715) (3.590) (3.712) (3.900)
Equity capital -0.675 -0.531 -0.408 0.149 0.247 0.275 0.392 0.631

(-0.697) (-0.712) (-0.606) (0.279) (0.497) (0.549) (0.773) (1.242)
Deposits -0.017 -0.028 -0.063 -0.081 -0.102 -0.132 -0.121 -0.115

(-0.147) (-0.247) (-0.533) (-0.646) (-0.776) (-0.990) (-0.914) (-0.837)
ROA -0.131∗∗∗ -0.092∗∗∗ -0.069∗∗∗ -0.106∗∗∗ -0.058∗∗ -0.052∗ -0.057 -0.074∗

(-4.328) (-3.326) (-2.706) (-2.818) (-2.269) (-1.714) (-1.496) (-1.708)
Loan size -0.494∗∗∗ -0.402∗∗∗ -0.301∗∗ -0.163 -0.079 -0.014 0.038 0.113

(-3.558) (-2.957) (-2.119) (-1.097) (-0.525) (-0.089) (0.237) (0.700)
Loan growth 0.001 0.001∗∗ -0.035 -0.074 -0.018 -0.006 0.126∗ 0.232∗∗

(0.566) (2.042) (-0.507) (-1.254) (-0.309) (-0.088) (1.653) (2.190)
Loan loss allowance 0.576∗∗∗ 0.530∗∗∗ 0.478∗∗∗ 0.400∗∗∗ 0.347∗∗∗ 0.315∗∗∗ 0.275∗∗∗ 0.234∗∗∗

(10.745) (8.993) (7.483) (6.287) (5.325) (4.521) (3.958) (3.356)
Liquidity -0.288∗ -0.305∗∗ -0.333∗∗ -0.318∗∗ -0.322∗∗ -0.307∗∗ -0.300∗∗ -0.278∗

(-1.801) (-2.003) (-2.217) (-2.143) (-2.216) (-2.087) (-1.983) (-1.805)
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 11308 10966 10631 10303 9980 9666 9365 9073
Adjusted R2 0.555 0.510 0.483 0.470 0.449 0.442 0.440 0.441

Panel B: Unlabeled banks
CLN score 0.063∗∗∗ 0.058∗∗∗ 0.053∗∗∗ 0.048∗∗∗ 0.059∗∗∗ 0.042∗∗ 0.038∗∗ 0.012

(4.047) (3.425) (3.009) (2.861) (3.013) (2.297) (2.154) (0.565)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 6907 6699 6495 6294 6098 5901 5702 5518
Adjusted R2 0.510 0.476 0.455 0.448 0.424 0.429 0.429 0.435

Panel C: Private banks
CLN score 0.069∗∗∗ 0.076∗∗∗ 0.089∗∗∗ 0.092∗∗∗ 0.111∗∗∗ 0.079∗∗∗ 0.072∗∗∗ 0.039

(2.717) (2.863) (3.058) (3.399) (3.559) (2.697) (2.641) (1.232)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3882 3742 3607 3476 3348 3223 3103 2988
Adjusted R2 0.495 0.466 0.445 0.438 0.416 0.415 0.409 0.410
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Table 3.5: Incremental R2 and Predictive Power vs Z-score

Table 3.5 presents comparative prediction analyses of loan loss provisions. For simplicity, we report re-
sults for 2, 4, and 6 quarters ahead prediction horizons, though our analysis confirms consistent patterns across
all forecasting horizons. We compare four specifications: (1) bank-level controls only, (2) controls plus the
Z-score risk measure, (3) controls plus our CLN score, and (4) all variables combined. Panels A, D, and G
report in-sample adjusted R2 from the labeled public banks used for training. Panels B, E, and H report
out-of-sample root-mean-square-error (RMSE) for unlabeled banks. Panels C, F, and I report out-of-sample
RMSE specifically for private banks. Definitions of the variables are provided in Table 2.A1 in the Appendix.
Numbers in parentheses are two-tailed t-statistics. Standard errors are clustered at the bank level. ***, **, and
* indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

(1) (2) (3) (4)
Controls only Z-score CLN score Both

Prediction Horizon: 2 Quarters Ahead
Panel A: Labeled public banks
CLN score 0.135∗∗∗ 0.136∗∗∗

(7.273) (7.223)
Bank Z-score 0.003 -0.018

(0.036) (-0.214)
Controls and Year-Quarter Fixed Effect Yes Yes Yes Yes
Observations 4267 4267 4267 4267
Adjusted R2 0.560 0.560 0.568 0.568
Panel B: Unlabeled banks
RMSE 0.599 0.600 0.569 0.566
Controls and Year-Quarter Fixed Effect Yes Yes Yes Yes
Panel C: Private Banks)
RMSE 0.665 0.665 0.629 0.626
Controls and Year-Quarter Fixed Effect Yes Yes Yes Yes

Prediction Horizon: 4 Quarters Ahead
Panel D: Labeled public banks
CLN score 0.116∗∗∗ 0.116∗∗∗

(5.187) (5.157)
Bank Z-score 0.015 -0.005

(0.168) (-0.062)
Controls and Year-Quarter Fixed Effect Yes Yes Yes Yes
Observations 4009 4009 4009 4009
Adjusted R2 0.515 0.515 0.521 0.521
Panel E: Unlabeled banks
RMSE 0.663 0.666 0.648 0.646
Controls and Year-Quarter Fixed Effect Yes Yes Yes Yes
Panel F: Private Banks
RMSE 0.702 0.705 0.686 0.685
Controls and Year-Quarter Fixed Effect Yes Yes Yes Yes

Prediction Horizon: 6 Quarters Ahead
Panel G: Labeled public banks
CLN score 0.091∗∗∗ 0.091∗∗∗

(4.169) (4.148)
Bank Z-score 0.029 0.015

(0.282) (0.149)
Controls and Year-Quarter Fixed Effect Yes Yes Yes Yes
Observations 3765 3765 3765 3765
Adjusted R2 0.482 0.482 0.486 0.485
Panel H: Unlabeled banks
RMSE 0.669 0.675 0.655 0.658
Controls and Year-Quarter Fixed Effect Yes Yes Yes Yes
Panel I: Private Banks
RMSE 0.712 0.717 0.699 0.701
Controls and Year-Quarter Fixed Effect Yes Yes Yes Yes
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Table 3.6: Revolver-based CLN score

Table 3.6 presents h-quarter-ahead prediction results for bank loan loss provisions using CLN scores con-
structed from different loan types, focusing specifically on private banks where our methodology offers unique
insights unavailable through market-based metrics. To address concerns about loan sales in secondary markets
(Blickle et al., 2020), we conduct two tests: Panel A shows results using only revolving credit facilities, which
have documented higher retention rates and ongoing monitoring requirements (Sufi, 2007). Panel B presents a
placebo test using Term Loan B and above, which are frequently sold by lead arrangers shortly after origination.
Both panels include the full set of controls as in our baseline model. Numbers in parentheses are two-tailed
t-statistics. Standard errors are clustered at the bank level. ***, **, and * indicate statistical significance at the
1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
Loan loss provisions h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8
Panel A: CLN score using revolving credit facilities
CLN score (Revolver) 0.070∗∗ 0.074∗∗∗ 0.102∗∗∗ 0.085∗∗∗ 0.112∗∗∗ 0.126∗∗∗ 0.114∗∗∗ 0.047

(2.472) (2.786) (3.363) (3.070) (3.439) (4.007) (3.150) (1.523)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3423 3283 3152 3026 2907 2792 2683 2581
Adjusted R2 0.506 0.475 0.453 0.440 0.415 0.413 0.407 0.407

Panel B: CLN score using term loan B and above
CLN score (Term loan B above) 0.054 0.062∗∗ 0.049 0.029 0.067 0.040 0.014 -0.021

(1.494) (2.158) (1.462) (0.724) (1.427) (1.131) (0.452) (-0.587)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 2003 1945 1888 1831 1776 1722 1671 1621
Adjusted R2 0.569 0.540 0.514 0.486 0.464 0.464 0.448 0.441
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Table 3.7: The Cross-Sectional Variation in the Risk Predictive Power

Table 3.7 examines the cross-sectional variation in the risk predictive power of the CLN score. Each
panel tests for heterogeneous effects based on bank size (Panel A), earnings performance (Panel B), earnings
volatility (Panel C), operational complexity (Panel D), and capital adequacy (Panel E). Small bank dummy
equals 1 if bank size is below the median. Negative earnings shock equals 1 if the bank has negative standardized
unexpected earnings. High ROA volatility equals 1 for banks in the top quartile of ROA standard deviation.
High complexity equals 1 if bank regulatory filing complexity is above the median. Low capital adequacy equals
1 for banks in the bottom quartile of risk-based capital. For simplicity, we do not report the coefficient estimates
of the control variables. Definitions of the variables are provided in Table 2.A1 in the Appendix. Numbers in
parentheses are two-tailed t-statistics. Standard errors are clustered at the bank level. ***, **, and * indicate
statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
Loan loss provisions h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8
Panel A: Bank size
CLN score 0.066∗∗∗ 0.059∗∗∗ 0.064∗∗∗ 0.051∗∗∗ 0.049∗∗∗ 0.037∗∗ 0.027 -0.002

(4.422) (4.263) (3.769) (3.122) (3.213) (2.360) (1.470) (-0.089)
Small bank dummy -0.004 0.012 0.032 0.045 0.041 0.051 0.048 0.045

(-0.112) (0.328) (0.814) (1.143) (0.988) (1.237) (1.087) (1.046)
CLN score × Small bank dummy 0.055∗∗ 0.069∗∗ 0.061∗∗ 0.047 0.069∗∗ 0.054 0.066∗ 0.063∗

(2.198) (2.464) (1.986) (1.572) (2.279) (1.647) (1.916) (1.718)
Observations 11308 10966 10631 10303 9980 9666 9365 9073
Adjusted R2 0.555 0.511 0.484 0.471 0.451 0.443 0.442 0.442

Panel B: Negative earnings
CLN score 0.033∗∗ 0.032∗∗ 0.045∗∗∗ 0.030∗∗ 0.032∗∗ 0.033∗ 0.031∗ 0.001

(2.485) (2.494) (3.394) (2.044) (2.168) (1.953) (1.709) (0.069)
Negative earnings shock -0.003 0.004 0.024 0.015 0.022 0.044∗∗ 0.032 0.010

(-0.169) (0.211) (1.275) (0.725) (1.122) (2.128) (1.490) (0.442)
CLN score × Negative earnings shock 0.135∗∗∗ 0.136∗∗∗ 0.103∗∗∗ 0.094∗∗∗ 0.107∗∗∗ 0.051∗ 0.048 0.051

(4.586) (4.686) (3.378) (3.217) (3.691) (1.821) (1.555) (1.581)
Observations 11308 10966 10631 10303 9980 9666 9365 9073
Adjusted R2 0.558 0.514 0.486 0.473 0.453 0.444 0.442 0.442

Panel C: Earnings volatility
CLN score 0.081∗∗∗ 0.081∗∗∗ 0.085∗∗∗ 0.057∗∗∗ 0.067∗∗∗ 0.046∗∗∗ 0.045∗∗ 0.010

(6.494) (5.780) (5.378) (3.514) (4.243) (2.868) (2.591) (0.479)
Highly ROA volatility 0.067∗∗ 0.046 0.041 0.015 0.004 -0.027 -0.032 -0.042

(1.978) (1.336) (1.242) (0.486) (0.111) (-0.799) (-0.956) (-1.213)
CLN score × Highly ROA volatility 0.074∗∗ 0.073∗ 0.041 0.080∗ 0.071 0.079∗∗ 0.050 0.060∗

(2.004) (1.693) (0.934) (1.714) (1.543) (2.008) (1.375) (1.690)
Observations 11007 10671 10337 10013 9695 9387 9094 8808
Adjusted R2 0.561 0.517 0.490 0.475 0.453 0.448 0.447 0.444

Panel D: Bank complexity
CLN score 0.051∗∗∗ 0.053∗∗∗ 0.062∗∗∗ 0.052∗∗∗ 0.049∗∗∗ 0.037∗∗ 0.021 -0.012

(3.455) (3.807) (3.304) (2.967) (3.139) (2.366) (1.084) (-0.541)
High complexity dummy -0.022 -0.011 0.000 0.016 0.020 0.037 0.031 0.019

(-0.692) (-0.315) (0.005) (0.446) (0.544) (0.998) (0.786) (0.454)
CLN score × High complexity dummy 0.078∗∗∗ 0.072∗∗∗ 0.057∗ 0.039 0.061∗∗ 0.047 0.071∗∗ 0.076∗

(3.170) (2.668) (1.854) (1.328) (2.135) (1.582) (2.133) (1.964)
Observations 11308 10966 10631 10303 9980 9666 9365 9073
Adjusted R2 0.555 0.511 0.483 0.471 0.450 0.443 0.442 0.442

Panel E: Capital adequacy
CLN score 0.066∗∗∗ 0.070∗∗∗ 0.077∗∗∗ 0.070∗∗∗ 0.077∗∗∗ 0.060∗∗∗ 0.058∗∗∗ 0.030

(5.822) (5.778) (5.355) (4.488) (4.610) (3.518) (3.326) (1.507)
Low capital adequacy -0.029 -0.015 0.006 0.039 0.025 0.031 0.031 0.033

(-1.026) (-0.610) (0.226) (1.346) (0.902) (1.078) (1.061) (0.974)
CLN score × Low capital adequacy 0.099∗∗∗ 0.078∗∗ 0.054 0.001 0.006 -0.007 -0.016 -0.027

(3.296) (2.537) (1.489) (0.040) (0.170) (-0.210) (-0.453) (-0.787)
Observations 11308 10966 10631 10303 9980 9666 9365 9073
Adjusted R2 0.555 0.511 0.483 0.471 0.450 0.442 0.440 0.441
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
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Table 3.8: Bank Co-Lending Network Risk and Bank Non-performing Loans

Table 3.8 presents the h-quarter-ahead prediction results of bank-level CLN score for bank non-performing loans.
The bank-level CLN score and control variables are measured at time t, and the dependent variable is measured
at time t + h. Panel A reports the results using all observations. Panel B shows the results using unlabelled
banks (banks who do not have assigned labels). Panel C shows the results using private banks only. Panel B and
C have the same control variables as Panel A. For simplicity, we do not report the coefficients estimates of the
control variables in the Panel B and C. Definitions of the variables are provided in Table 2.A1 in the Appendix.
Numbers in parentheses are two-tailed t-statistics. Standard errors are clustered at the bank level. ***, **, and
* indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
Non-peforming Loans h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8
Panel A: All banks
CLN score 0.216∗∗∗ 0.228∗∗∗ 0.221∗∗∗ 0.222∗∗∗ 0.229∗∗∗ 0.213∗∗∗ 0.211∗∗∗ 0.200∗∗∗

(3.695) (3.991) (3.883) (4.078) (3.986) (3.776) (3.511) (3.300)
Size -0.010 -0.011 -0.010 -0.012 -0.012 -0.010 -0.007 -0.003

(-0.308) (-0.311) (-0.274) (-0.315) (-0.296) (-0.244) (-0.184) (-0.078)
Equity capital 0.434 0.199 0.116 -0.298 -0.625 -0.727 -0.799 -0.820

(0.205) (0.093) (0.055) (-0.134) (-0.264) (-0.312) (-0.352) (-0.378)
Deposits 0.160 0.147 0.107 0.049 0.041 0.013 -0.001 0.006

(0.395) (0.351) (0.249) (0.111) (0.088) (0.027) (-0.001) (0.012)
ROA -0.447∗∗∗ -0.408∗∗∗ -0.343∗∗∗ -0.253∗∗∗ -0.180∗∗ -0.155∗ -0.109 -0.076

(-3.164) (-3.168) (-3.117) (-2.745) (-2.007) (-1.873) (-1.322) (-1.011)
Loan size -0.743 -0.698 -0.561 -0.434 -0.326 -0.171 -0.052 0.093

(-1.534) (-1.359) (-1.036) (-0.743) (-0.552) (-0.296) (-0.091) (0.167)
Loan growth -0.484∗∗ 0.001 -0.295 -0.176 -0.132 0.039 0.254 0.317

(-2.001) (0.405) (-1.571) (-0.949) (-0.661) (0.185) (1.049) (1.251)
Loan loss allowance 1.297∗∗∗ 1.263∗∗∗ 1.186∗∗∗ 1.093∗∗∗ 0.990∗∗∗ 0.879∗∗∗ 0.788∗∗∗ 0.675∗∗∗

(5.398) (5.050) (4.715) (4.200) (3.986) (3.828) (3.636) (3.335)
Liquidity -1.297∗∗∗ -1.387∗∗∗ -1.443∗∗∗ -1.523∗∗∗ -1.581∗∗∗ -1.598∗∗∗ -1.614∗∗∗ -1.612∗∗∗

(-3.351) (-3.433) (-3.424) (-3.416) (-3.356) (-3.235) (-3.125) (-2.976)
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 10279 10036 9797 9504 9270 9039 8812 8585
Adjusted R2 0.431 0.395 0.358 0.322 0.299 0.283 0.272 0.263

Panel B: Out-of-sample (unlabeled banks)
CLN score 0.184∗∗∗ 0.180∗∗∗ 0.164∗∗ 0.182∗∗∗ 0.201∗∗∗ 0.179∗∗ 0.169∗∗ 0.156∗∗

(2.666) (2.684) (2.480) (2.754) (2.815) (2.547) (2.224) (2.001)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 6340 6191 6040 5862 5714 5559 5400 5250
Adjusted R2 0.422 0.378 0.341 0.300 0.271 0.257 0.249 0.237

Panel C: Out-of-sample (private banks)
CLN score 0.267∗∗ 0.276∗∗∗ 0.265∗∗ 0.314∗∗∗ 0.360∗∗∗ 0.317∗∗∗ 0.291∗∗ 0.289∗∗

(2.529) (2.670) (2.564) (2.995) (3.081) (2.692) (2.357) (2.231)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3628 3520 3415 3301 3198 3093 2991 2889
Adjusted R2 0.450 0.401 0.356 0.306 0.266 0.244 0.224 0.205
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Table 3.9: Bank Co-Lending Network Risk and Public Bank Risk Metrics

Table 3.9 presents the h-quarter-ahead prediction results of bank-level CLN score for market-based pub-
lic bank risk measures. We use stock market-based risk measures including Merton (1974) default probability,
Nagel and Purnanandam (2020) modified default probability, the natural logarithm of idiosyncratic volatility,
and use only the sample of public banks. The bank-level CLN score and control variables are measured at time
t, and the dependent variable is measured at time t + h. In all specifications, we include the same set of controls
as in the baseline and control for year-quarter fixed effects. For simplicity, we do not report the coefficient
estimates of the control variables. Definitions of the variables are provided in Table 2.A1 in the Appendix.
Numbers in parentheses are two-tailed t-statistics. Standard errors are clustered at the bank level. ***, **, and
* indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Dependent: Merton default probability
CLN score 0.029∗∗∗ 0.034∗∗∗ 0.040∗∗∗ 0.038∗∗∗ 0.034∗∗∗ 0.030∗∗∗ 0.027∗∗∗ 0.025∗∗∗

(5.980) (6.859) (7.643) (7.150) (6.122) (5.406) (4.835) (4.320)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 6077 5902 5728 5553 5377 5206 5042 4879
Adjusted R2 0.729 0.724 0.711 0.699 0.688 0.675 0.664 0.660

Dependent: Modified default probability
CLN score 0.037∗∗∗ 0.037∗∗∗ 0.039∗∗∗ 0.036∗∗∗ 0.034∗∗∗ 0.031∗∗∗ 0.029∗∗∗ 0.025∗∗∗

(8.165) (7.837) (7.938) (7.589) (6.739) (6.025) (5.406) (4.591)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 6077 5902 5728 5553 5377 5206 5042 4879
Adjusted R2 0.688 0.678 0.657 0.639 0.622 0.602 0.585 0.575

Dependent: ln(IVOL)
CLN score 0.053∗∗∗ 0.060∗∗∗ 0.044∗∗∗ 0.046∗∗∗ 0.039∗∗∗ 0.025∗∗ 0.021∗ 0.016

(4.677) (5.209) (3.816) (3.953) (3.228) (2.091) (1.690) (1.226)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 7976 7764 7554 7347 7138 6935 6740 6547
Adjusted R2 0.685 0.684 0.679 0.679 0.678 0.675 0.674 0.672
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Table 3.10: Bank Co-Lending Network Risk and Bank Profitability

Table 3.10 presents the h-quarter-ahead prediction results of bank-level CLN score for bank return on
assets (ROA). The bank-level CLN score and control variables are measured at time t, and the dependent
variable is measured at time t + h. Panel A reports the results using all observations. Panel B shows the results
using unlabelled banks (banks who do not have assigned labels). Panel C shows the results using private banks
only. Panel B and C have extactly same control variables as Panel A. For simplicity, we do not report the
coefficients estimates of the control variables in the Panel B and C. Definitions of the variables are provided in
Table 2.A1 in the Appendix. Numbers in parentheses are two-tailed t-statistics. Standard errors are clustered
at the bank level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
Return on assets h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8
Panel A: All banks
CLN score -0.265∗∗∗ -0.237∗∗∗ -0.218∗∗∗ -0.199∗∗∗ -0.195∗∗∗ -0.172∗∗∗ -0.147∗∗∗ -0.120∗∗∗

(-10.864) (-10.331) (-9.276) (-8.148) (-8.123) (-6.434) (-6.326) (-4.669)
Size 0.040∗∗ 0.036∗ 0.034∗ 0.034∗ 0.032 0.029 0.027 0.028

(2.218) (1.954) (1.834) (1.769) (1.626) (1.474) (1.338) (1.312)
Equity capital 4.349∗∗∗ 3.659∗∗∗ 3.415∗∗∗ 3.247∗∗∗ 3.274∗∗ 3.160∗∗ 3.054∗ 2.958∗

(5.086) (3.942) (3.214) (2.669) (2.395) (2.167) (1.947) (1.869)
Deposits 0.020 0.031 0.072 0.112 0.132 0.152 0.175 0.221

(0.106) (0.155) (0.354) (0.529) (0.602) (0.664) (0.747) (0.940)
Loan size 0.822∗∗∗ 0.706∗∗∗ 0.603∗∗∗ 0.480∗∗ 0.350 0.280 0.197 0.123

(3.580) (3.156) (2.684) (2.096) (1.517) (1.189) (0.860) (0.562)
Loan growth -0.001∗ -0.000 0.046 0.221∗∗ 0.103 -0.054 -0.075 -0.411∗∗

(-1.732) (-0.833) (0.422) (2.370) (0.911) (-0.539) (-0.664) (-2.147)
Loan loss allowance -0.408∗∗∗ -0.344∗∗∗ -0.299∗∗∗ -0.236∗∗∗ -0.171∗∗ -0.149∗∗ -0.117∗ -0.102∗

(-4.348) (-3.953) (-3.661) (-3.168) (-2.504) (-2.211) (-1.913) (-1.804)
Liquidity 0.627∗∗∗ 0.589∗∗∗ 0.568∗∗∗ 0.568∗∗∗ 0.553∗∗ 0.502∗∗ 0.445∗∗ 0.381∗

(3.140) (2.850) (2.695) (2.657) (2.561) (2.277) (1.983) (1.701)
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 11310 10968 10633 10305 9982 9667 9365 9073
Adjusted R2 0.310 0.277 0.262 0.247 0.240 0.235 0.232 0.226

Panel B: Unlabeled banks
CLN score -0.210∗∗∗ -0.184∗∗∗ -0.157∗∗∗ -0.140∗∗∗ -0.143∗∗∗ -0.126∗∗∗ -0.113∗∗∗ -0.079∗∗

(-7.679) (-6.142) (-5.039) (-4.294) (-4.317) (-4.038) (-3.765) (-2.156)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 6909 6701 6497 6296 6100 5902 5702 5518
Adjusted R2 0.299 0.252 0.245 0.227 0.218 0.221 0.226 0.231

CLN score -0.262∗∗∗ -0.237∗∗∗ -0.216∗∗∗ -0.182∗∗∗ -0.204∗∗∗ -0.160∗∗∗ -0.146∗∗∗ -0.079
(-6.555) (-5.464) (-4.443) (-3.372) (-4.029) (-3.430) (-3.059) (-1.324)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3884 3744 3609 3478 3350 3224 3103 2988
Adjusted R2 0.274 0.243 0.234 0.226 0.222 0.212 0.202 0.193
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Table 3.A1: Variable Definition

Variable Definition Source
Bank level variables
CLN score Bank-level Co-Lending Network (CLN) risk score estimated by the CoL-

GNN model using FR Y-9C bank features and DealScan loan features.
The detailed estimation process is described in Section B.1.2 and Sec-
tion 3.4.1.

CoLGNN

Loan loss provisions The ratio of loan loss provisions (BHCK4230) to total assets (BHCK2170)
in percentage points.

FR Y-9C

Nonperforming loans The ratio of nonperforming loans (we use the sum of BHCK5525 and
BHCK5526 for the period before 2017Q4 and the sum of BHCK1403 and
BHCK1407 after 2017) to total assets (BHCK2170) in percentage points.

FR Y-9C

ROA Banks’ net income (BHCK4340) divided by bank total assets (BHCK2170) FR Y-9C
Size The natural logarithm of bank total assets (BHCK2170) FR Y-9C
Equity capital Total equity capital (BHCK3210) divided by bank total assets

(BHCK2170).
FR Y-9C

Deposits Total interest-bearing deposits (BHCK3517) devided by bank total assets
(BHCK2170).

FR Y-9C

Loan size Total loans (BHCK2122) divided by bank total assets (BHCK2170). FR Y-9C
Loan growth The annual percentage growth rate of total loans (BHCK2122). FR Y-9C
Loan loss allowance The allowance for loan and lease losses (BHCK3123) divided by bank total

assets (BHCK2170).
FR Y-9C

Liquidity The sum of cash (BHCK0010) and short-term securities (BHCK1773)
divided by bank total assets (BHCK2170).

FR Y-9C

Standardized earnings change The year-over-year quarterly change of earnings per share (BHCK4340
divided by BHCK3459) normalized by the rolling-window standard devi-
ation of the earning change.

FR Y-9C

Bank capital adequacy The ratio of loan loss provisions (BHCK4230) to total assets (BHCK2170)
in percentage points.

FR Y-9C

Lead share The total dollar amount of syndicated loans lead-arranged by a bank
holding company normalized by the total amount of all syndicated loans
in the past 12 months.

DealScan

Specialization in syndicated
loan

The total amount of the syndicated loans a bank participates over the
past 12 months divided by the bank’s total loans (BHCK2122).

DealScan & FR Y-9C

Specialization in industry The borrower’s industry concentration of a bank’s syndicated loan port-
folio over the past 12 months, measured by the Herfindahl–Hirschman
(HHI) index based on the borrowers’ 2-digit SIC codes and the total loan
amounts.

DealScan

Merton default probability The default probability estimated by Merton (1974) model via a KMV
iterative approach.

Nagel and Purnanan-
dam (2020)

Modified default probability Bank modified default probability using the data and code from Nagel
and Purnanandam (2020).

Nagel and Purnanan-
dam (2020)

ln(IVOL) The natural logarithm of idiosyncratic volatility (IVOL) of bank stock
returns, calculated by the standard deviation of the residuals from the
Fama-French three-factor model estimated for each year-quarter.

CRSP & Kenneth R.
French Data Library
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Table 3.A2: Banks with High and Low Co-Lending Network Risk

Table 3.A2 presents the top and bottom six banks in our sample, categorized based on their co-lending
network risks, as measured by the CLN score. This table specifically includes banks with a presence spanning
more than an economic cycle, defined as 7 years or 28 quarters. Notably, two RSSDIDs became inactive
after the end of our sample period: People’s United Finance, Inc.(RSSDID: 3650152) and Umpqua Holdings
Corporation(RSSDID: 2747644). People’s United Finance was acquired and fully integrated by the third quarter
of 2022. Umpqua Holdings Corporation was acquired by Columbia Banking System, Inc., with the merger
concluding on March 1, 2023.

RSSDID Bank Headquarter State Average CLN score
Top Seven
3650152 People’s United Finance, Inc. (Inactive) Connecticut 0.786
2333663 Berkshire Hills Bancorp, Inc. Massachusetts 0.767
2747644 Umpqua Holdings Corporation (Inactive) Oregon 0.755
2132932 New York Community Bancorp, Inc. New York 0.717
1562859 Ally Financial Inc. Michigan 0.672
1098303 Old National Bancorp Indiana 0.669
1078846 Synovus Financial Corp. Georgia 0.653

Bottom Seven
2461016 Enterprise Bancorp, Inc. Massachusetts 0.265
1107205 Amarillo National Bancorp, Inc. Texas 0.259
3635319 Servisfirst Bancshares, Inc. Alabama 0.228
1208906 Lakeland Financial Corporation Indiana 0.221
1399073 Heartland Banccorp Ohio 0.211
1059715 American National Corporation Nebraska 0.202
1862036 Guaranty Bancshares, Inc. Texas 0.199
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Table 3.A3: Bank Co-Lending Network Risk and Bank Loan Loss Provisions:
Controlling for Lending Specialization

Table 3.A3 presents the h-quarter-ahead prediction results of bank-level CLN score for bank loan loss
provisions. The bank-level CLN score and control variables are measured at time t, and the dependent variable
is measured at time t + h. Panel A reports the results using all observations. Panel B shows the results using
unlabeled banks (banks who do not have assigned labels). Panel C shows the results using private banks only.
Panel B and C have extactly same control variables as Panel A. For simplicity, we do not report the coefficients
estimates of the control variables in the Panel B and C. Definitions of the variables are provided in Table 2.A1
in the Appendix. Numbers in parentheses are two-tailed t-statistics. Standard errors are clustered at the bank
level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
Loan loss provisions h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8
Panel A: All banks
CLN score 0.092∗∗∗ 0.091∗∗∗ 0.093∗∗∗ 0.074∗∗∗ 0.082∗∗∗ 0.062∗∗∗ 0.059∗∗∗ 0.028

(7.439) (7.316) (6.895) (5.453) (5.486) (4.135) (3.735) (1.635)
Size 0.029∗∗∗ 0.030∗∗∗ 0.030∗∗∗ 0.032∗∗∗ 0.030∗∗∗ 0.030∗∗ 0.031∗∗ 0.033∗∗∗

(3.223) (3.185) (2.994) (3.018) (2.652) (2.509) (2.575) (2.712)
Equity capital 0.211 0.176 0.103 0.438 0.336 0.370 0.496 0.736

(0.420) (0.386) (0.213) (0.866) (0.686) (0.745) (0.978) (1.440)
Deposits -0.041 -0.050 -0.082 -0.097 -0.125 -0.155 -0.144 -0.138

(-0.369) (-0.445) (-0.705) (-0.771) (-0.946) (-1.155) (-1.081) (-0.998)
ROA -0.139∗∗∗ -0.099∗∗∗ -0.075∗∗∗ -0.108∗∗∗ -0.058∗∗ -0.052∗ -0.057 -0.073∗

(-4.689) (-3.610) (-2.925) (-2.855) (-2.288) (-1.711) (-1.483) (-1.692)
Loan size -0.482∗∗∗ -0.373∗∗∗ -0.260∗ -0.109 -0.024 0.052 0.113 0.194

(-3.646) (-2.840) (-1.866) (-0.743) (-0.161) (0.337) (0.722) (1.218)
Loan growth 0.001 0.002∗∗ -0.052 -0.081 -0.023 -0.011 0.121 0.226∗∗

(0.896) (2.340) (-0.817) (-1.417) (-0.410) (-0.178) (1.623) (2.175)
Loan loss allowance 0.568∗∗∗ 0.520∗∗∗ 0.468∗∗∗ 0.393∗∗∗ 0.343∗∗∗ 0.310∗∗∗ 0.269∗∗∗ 0.226∗∗∗

(10.612) (8.854) (7.357) (6.170) (5.259) (4.445) (3.865) (3.252)
Liquidity -0.276∗ -0.270∗ -0.284∗∗ -0.256∗ -0.253∗ -0.224 -0.204 -0.175

(-1.891) (-1.889) (-1.968) (-1.765) (-1.816) (-1.589) (-1.398) (-1.176)
Lead share 1.156 1.432 1.667 1.986∗ 2.574∗∗ 2.774∗∗ 2.948∗∗ 3.119∗∗

(1.225) (1.428) (1.562) (1.704) (2.030) (2.116) (2.142) (2.191)
Specialization in syndicated loan -0.337∗∗∗ -0.353∗∗∗ -0.376∗∗∗ -0.470∗∗∗ -6.393∗∗ -5.685∗ -5.209 -4.877

(-12.054) (-13.202) (-12.586) (-10.215) (-1.997) (-1.840) (-1.636) (-1.496)
Specialization in industry 0.014 -0.012 -0.017 -0.012 -0.012 -0.022 -0.036∗ -0.033

(0.787) (-0.687) (-0.898) (-0.690) (-0.674) (-1.112) (-1.705) (-1.632)
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 11308 10966 10631 10303 9980 9666 9365 9073
Adjusted R2 0.569 0.521 0.490 0.474 0.452 0.445 0.443 0.444

Panel B: Urivate banks
CLN score 0.067∗∗∗ 0.061∗∗∗ 0.058∗∗∗ 0.052∗∗∗ 0.062∗∗∗ 0.046∗∗ 0.042∗∗ 0.016

(4.275) (3.634) (3.232) (3.172) (3.257) (2.580) (2.396) (0.795)
Controls and Lending Specializations Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 6907 6699 6495 6294 6098 5901 5702 5518
Adjusted R2 0.534 0.495 0.468 0.453 0.427 0.433 0.433 0.439

Panel C: Out-of-sample (private banks)
CLN score 0.077∗∗∗ 0.081∗∗∗ 0.099∗∗∗ 0.100∗∗∗ 0.115∗∗∗ 0.083∗∗∗ 0.077∗∗∗ 0.044

(3.091) (3.167) (3.413) (3.909) (3.880) (2.988) (2.944) (1.510)
Controls and Lending Specializations Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3882 3742 3607 3476 3348 3223 3103 2988
Adjusted R2 0.526 0.489 0.460 0.444 0.419 0.417 0.412 0.413
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Table 3.A4: Controlling for Bank Fixed Effects

Table 3.A4 presents the h-quarter-ahead prediction results of bank-level CLN score with bank fixed ef-
fects. The bank-level CLN score and control variables are measured at time t, and the dependent variable is
measured at time t + h. Panel A reports the results using all observations. Panel B shows the results using
unlabeled banks (banks who do not have assigned labels). Panel C shows the results using private banks
only. For simplicity, we do not report the coefficients estimates of the control variables in the Panel B and C.
Definitions of the variables are provided in Table 2.A1 in the Appendix. Numbers in parentheses are two-tailed
t-statistics. Standard errors are clustered at the bank level. ***, **, and * indicate statistical significance at the
1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A: All banks
Dependent variable: Loan loss provisions
CLN score 0.074∗∗∗ 0.071∗∗∗ 0.073∗∗∗ 0.055∗∗∗ 0.066∗∗∗ 0.050∗∗∗ 0.050∗∗∗ 0.020

(7.673) (7.053) (6.369) (4.568) (4.968) (4.203) (3.978) (1.400)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Bank Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 11303 10963 10628 10297 9973 9658 9360 9065
Adjusted R2 0.655 0.615 0.597 0.587 0.575 0.573 0.576 0.577

Dependent variable: Non-performing loans
CLN score 0.125∗∗∗ 0.138∗∗∗ 0.131∗∗∗ 0.132∗∗∗ 0.139∗∗∗ 0.138∗∗∗ 0.139∗∗∗ 0.130∗∗∗

(4.211) (4.554) (4.205) (3.915) (3.605) (3.607) (3.704) (3.367)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Bank Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 10263 10022 9782 9496 9262 9028 8806 8576
Adjusted R2 0.747 0.731 0.714 0.701 0.695 0.689 0.690 0.692

Dependent variable: Return on assets
CLN score -0.177∗∗∗ -0.153∗∗∗ -0.137∗∗∗ -0.123∗∗∗ -0.125∗∗∗ -0.104∗∗∗ -0.089∗∗∗ -0.061∗∗∗

(-7.911) (-8.158) (-7.822) (-6.571) (-6.383) (-4.355) (-4.771) (-3.307)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Bank Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 11305 10965 10630 10300 9975 9658 9360 9065
Adjusted R2 0.440 0.418 0.412 0.409 0.414 0.419 0.426 0.448

Panel B: Out-of-sample (unlabeled banks)
Dependent variable: Loan loss provisions
CLN score 0.067∗∗∗ 0.061∗∗∗ 0.058∗∗∗ 0.052∗∗∗ 0.062∗∗∗ 0.046∗∗ 0.042∗∗ 0.016

(4.275) (3.634) (3.232) (3.172) (3.257) (2.580) (2.396) (0.795)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Bank Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 6907 6699 6495 6294 6098 5901 5702 5518
Adjusted R2 0.534 0.495 0.468 0.453 0.427 0.433 0.433 0.439
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Table 3.A4: Continued

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Dependent variable: Non-performing loans
CLN score 0.098∗∗∗ 0.104∗∗∗ 0.093∗∗ 0.111∗∗∗ 0.135∗∗∗ 0.131∗∗∗ 0.128∗∗∗ 0.109∗∗

(2.698) (2.802) (2.474) (2.746) (2.904) (2.821) (2.695) (2.233)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Bank Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 6321 6176 6024 5854 5702 5548 5392 5239
Adjusted R2 0.747 0.733 0.722 0.710 0.704 0.699 0.695 0.692

Dependent variable: Return on assets
CLN score -0.132∗∗∗ -0.111∗∗∗ -0.085∗∗∗ -0.082∗∗∗ -0.095∗∗∗ -0.079∗∗∗ -0.072∗∗∗ -0.034

(-5.802) (-4.508) (-3.599) (-3.117) (-3.261) (-3.019) (-3.171) (-1.437)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Bank Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 6896 6691 6490 6288 6091 5894 5695 5507
Adjusted R2 0.468 0.426 0.430 0.412 0.416 0.434 0.461 0.540

Panel C: Out-of-sample (private banks)
Dependent variable: Loan loss provisions
CLN score 0.069∗∗∗ 0.073∗∗∗ 0.093∗∗∗ 0.089∗∗∗ 0.114∗∗∗ 0.087∗∗∗ 0.073∗∗ 0.030

(3.076) (3.033) (3.168) (3.310) (3.596) (3.040) (2.520) (0.979)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Bank Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3351 3225 3105 2988 2873 2763 2663 2559
Adjusted R2 0.638 0.611 0.598 0.583 0.568 0.572 0.568 0.561

Dependent variable: Non-performing loans
CLN score 0.138∗∗ 0.162∗∗∗ 0.164∗∗∗ 0.195∗∗∗ 0.233∗∗∗ 0.217∗∗∗ 0.205∗∗∗ 0.188∗∗

(2.598) (2.996) (3.025) (3.393) (3.392) (3.027) (2.679) (2.357)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Bank Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3617 3509 3405 3294 3189 3085 2988 2883
Adjusted R2 0.765 0.751 0.740 0.727 0.716 0.705 0.704 0.703

Dependent variable: Return on assets
CLN score -0.171∗∗∗ -0.154∗∗∗ -0.140∗∗∗ -0.116∗∗∗ -0.146∗∗∗ -0.112∗∗∗ -0.119∗∗∗ -0.047

(-5.271) (-4.500) (-4.182) (-2.968) (-3.936) (-3.743) (-3.648) (-1.198)
Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Bank Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3877 3739 3605 3475 3344 3216 3101 2982
Adjusted R2 0.465 0.455 0.451 0.457 0.469 0.481 0.492 0.552
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Table 3.A5: Bank Co-Lending Network Risk, Bank opacity and Bank Loan Loss
Provisions

Table 3.A5 examines the heterogeneous effects of bank co-lending network (CLN) risk score on predict-
ing h-quarter-ahead bank loan loss provisions for different banks. Definitions of the variables are provided in
Table 2.A1 in the Appendix. Numbers in parentheses are two-tailed t-statistics. Standard errors are clustered
at the bank level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
Loan loss provisions h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8
Panel A: All banks
CLN score 0.526∗∗∗ 0.343∗∗∗ 0.259∗∗∗ 0.380∗∗∗ 0.275∗∗∗ 0.087 0.002 0.079

(5.035) (3.529) (2.630) (3.639) (3.099) (0.873) (0.025) (0.744)
Bank opacity 0.025∗∗ 0.026∗∗ 0.022∗ 0.023 0.024 0.031∗∗ 0.035∗∗ 0.039∗∗

(2.144) (2.136) (1.761) (1.627) (1.555) (1.992) (2.342) (2.262)
CLN score × Bank opacity 0.066∗∗∗ 0.038∗∗∗ 0.025∗ 0.047∗∗∗ 0.030∗∗ 0.005 -0.008 0.009

(4.618) (2.821) (1.753) (3.194) (2.279) (0.322) (-0.626) (0.586)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 9086 8909 8735 8552 8375 8202 8039 7879
Adjusted R2 0.578 0.528 0.497 0.485 0.460 0.453 0.450 0.455

Panel B: Unlabeled banks
CLN score 0.439∗∗∗ 0.219∗ 0.125 0.302∗∗ 0.249∗∗ 0.093 -0.029 0.084

(3.346) (1.771) (1.053) (2.181) (2.483) (0.768) (-0.267) (0.585)
Bank opacity 0.039∗∗∗ 0.037∗∗ 0.031∗ 0.042∗∗ 0.039∗∗ 0.051∗∗ 0.056∗∗∗ 0.058∗∗∗

(2.636) (2.362) (1.906) (2.498) (2.077) (2.487) (3.013) (2.693)
CLN score × Bank opacity 0.058∗∗∗ 0.025 0.011 0.039∗∗ 0.030∗∗ 0.009 -0.010 0.011

(3.269) (1.460) (0.654) (2.025) (2.029) (0.486) (-0.612) (0.563)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 5608 5498 5392 5282 5169 5052 4937 4829
Adjusted R2 0.536 0.496 0.470 0.465 0.434 0.439 0.439 0.450

Panel C: Private banks
CLN score 0.663∗∗∗ 0.404∗∗ 0.358∗∗ 0.783∗∗∗ 0.578∗∗∗ 0.374∗∗ 0.220 0.375∗

(3.393) (2.299) (2.207) (4.134) (4.217) (2.361) (1.601) (1.886)
Bank opacity 0.058∗∗∗ 0.053∗∗ 0.032 0.053∗∗ 0.061∗∗ 0.075∗∗∗ 0.066∗∗ 0.081∗∗∗

(2.917) (2.418) (1.437) (2.464) (2.487) (2.732) (2.600) (2.684)
CLN score × Bank opacity 0.092∗∗∗ 0.050∗∗ 0.040∗ 0.106∗∗∗ 0.073∗∗∗ 0.047∗∗ 0.023 0.052∗

(3.451) (2.032) (1.683) (4.027) (3.592) (2.033) (1.103) (1.916)

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
Observations 3213 3128 3048 2967 2889 2810 2734 2659
Adjusted R2 0.528 0.490 0.460 0.466 0.436 0.435 0.422 0.433
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Table 3.A6: Controlling for bank stock performance

Table 3.A6 examines the predictive power of bank-level CLN score for future bank outcomes when con-
trolling for quarterly stock returns. Panel A reports results for all public banks, while Panel B shows results
for unlabeled public banks (those not used in model training). For each panel, we present results for loan loss
provisions, non-performing loans, and return on assets across different prediction horizons (h=1 to h=8 quarters
ahead). All specifications include the same control variables as in Table 3.4, though coefficient estimates for
these controls are not reported for brevity. Definitions of variables are provided in Table 2.A1 in the Appendix.
Numbers in parentheses are two-tailed t-statistics. Standard errors are clustered at the bank level. ***, **, and
* indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A: All public banks
Dependent variable: Loan loss provisions
CLN score 0.092∗∗∗ 0.077∗∗∗ 0.084∗∗∗ 0.062∗∗∗ 0.066∗∗∗ 0.042∗∗ 0.043∗∗ 0.009

(6.412) (6.570) (6.143) (4.056) (3.893) (2.580) (2.430) (0.446)
Quarterly stock returns -0.048 -0.398∗∗∗ -0.343∗∗∗ -0.202∗∗ -0.110 -0.326∗∗∗ -0.242∗∗∗ -0.265∗∗∗

(-0.591) (-4.198) (-3.956) (-2.371) (-1.430) (-3.922) (-3.821) (-3.217)
Observations 7972 7753 7535 7323 7113 6909 6714 6525
Adjusted R2 0.604 0.555 0.527 0.510 0.493 0.489 0.491 0.495

Dependent variable: Non-performing loans
CLN score 0.223∗∗∗ 0.225∗∗∗ 0.219∗∗∗ 0.183∗∗∗ 0.168∗∗∗ 0.187∗∗∗ 0.203∗∗∗ 0.196∗∗∗

(3.750) (3.707) (3.573) (3.342) (3.067) (3.378) (3.326) (3.234)
Quarterly stock returns -0.396∗∗ -0.468∗∗ -0.597∗∗∗ -0.648∗∗∗ -0.688∗∗∗ -0.463∗ -0.320∗ -0.191

(-2.502) (-2.307) (-3.733) (-2.839) (-2.721) (-1.897) (-1.749) (-1.044)
Observations 7183 7032 6880 6691 6547 6408 6270 6130
Adjusted R2 0.414 0.393 0.368 0.349 0.338 0.326 0.321 0.323

Dependent variable: Return on assets
CLN score -0.102∗∗∗ -0.116∗∗∗ -0.144∗∗∗ -0.125∗∗∗ -0.137∗∗∗ -0.120∗∗∗ -0.104∗∗∗ -0.081∗∗∗

(-7.492) (-6.474) (-7.719) (-4.868) (-5.106) (-3.854) (-5.185) (-4.085)
Quarterly stock returns 0.016 0.440∗∗∗ 0.383∗∗∗ 0.398∗∗∗ 0.318∗∗∗ 0.394∗∗∗ 0.173∗∗ 0.237∗∗

(0.219) (2.727) (2.828) (3.467) (3.455) (4.231) (2.589) (2.555)
Observations 7972 7753 7535 7323 7113 6909 6714 6525
Adjusted R2 0.595 0.411 0.330 0.317 0.292 0.288 0.290 0.289

Panel B: Unlabeled public banks
Dependent variable: Loan loss provisions
CLN score 0.049∗∗∗ 0.042∗∗∗ 0.039∗∗ 0.023 0.018 0.018 0.019 -0.006

(2.955) (2.620) (2.104) (1.169) (0.915) (0.956) (0.930) (-0.253)
Quarterly stock returns 0.191∗ -0.010 -0.036 0.124 0.231∗ -0.118 -0.207∗ -0.179

(1.681) (-0.057) (-0.271) (0.806) (1.847) (-1.114) (-1.751) (-1.512)
Observations 3579 3494 3407 3322 3239 3152 3059 2977
Adjusted R2 0.585 0.540 0.523 0.504 0.490 0.504 0.507 0.526

Dependent variable: Non-performing loans
CLN score 0.160∗ 0.146∗ 0.139∗ 0.113 0.108 0.127∗ 0.148∗ 0.133

(1.922) (1.896) (1.797) (1.583) (1.584) (1.950) (1.898) (1.642)
Quarterly stock returns 0.203 -0.024 0.199 0.202 0.301 0.357 0.301 0.406∗

(0.823) (-0.062) (0.684) (0.806) (1.329) (1.513) (1.269) (1.708)
Observations 3249 3193 3129 3054 2996 2933 2864 2802
Adjusted R2 0.327 0.319 0.322 0.314 0.308 0.307 0.313 0.317

Dependent variable: Return on assets
CLN score -0.084∗∗∗ -0.078∗∗∗ -0.064∗∗∗ -0.050∗ -0.057 -0.063∗ -0.059∗∗ -0.054∗∗

(-3.495) (-4.094) (-2.774) (-1.774) (-1.549) (-1.782) (-2.021) (-2.025)
Quarterly stock returns -0.067 0.016 -0.028 0.045 -0.099 0.004 -0.055 0.055

(-0.616) (0.091) (-0.209) (0.283) (-0.784) (0.035) (-0.491) (0.546)
Observations 3579 3494 3407 3322 3239 3152 3059 2977
Adjusted R2 0.585 0.373 0.330 0.292 0.271 0.293 0.319 0.394

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
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Table 3.A7: Controlling for stock performance: market-based risk measures

Table 3.A7 examines the predictive power of bank-level CLN score for market-based risk measures when
controlling for quarterly stock returns. Panel A reports results for all public banks, while Panel B shows
results for unlabeled public banks (those not used in model training). For each panel, we present results for
Merton (1974) default probability, Nagel and Purnanandam (2020) modified default probability, and stock
return idiosyncratic volatility (ln(IVOL)) across different prediction horizons (h=1 to h=8 quarters ahead). All
specifications include the same control variables as in Table 3.4, though coefficient estimates for these controls
are not reported for brevity. Definitions of variables are provided in Table 2.A1 in the Appendix. Numbers in
parentheses are two-tailed t-statistics. Standard errors are clustered at the bank level. ***, **, and * indicate
statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A: All public banks
Dependent variable: Merton default probability
CLN score 0.028∗∗∗ 0.032∗∗∗ 0.036∗∗∗ 0.034∗∗∗ 0.029∗∗∗ 0.026∗∗∗ 0.024∗∗∗ 0.021∗∗∗

(6.476) (7.281) (8.061) (7.154) (5.845) (5.251) (4.744) (4.130)
Quarterly stock returns -0.017 -0.037∗ -0.045∗∗ -0.070∗∗∗ -0.080∗∗∗ -0.078∗∗∗ -0.060∗∗∗ -0.062∗∗∗

(-1.061) (-1.895) (-2.128) (-3.515) (-4.423) (-3.844) (-3.227) (-3.327)
Observations 6075 5898 5722 5545 5364 5185 5016 4850
Adjusted R2 0.730 0.725 0.713 0.703 0.694 0.680 0.667 0.661

Dependent variable: Modified default probability
CLN score 0.033∗∗∗ 0.034∗∗∗ 0.035∗∗∗ 0.032∗∗∗ 0.030∗∗∗ 0.028∗∗∗ 0.026∗∗∗ 0.023∗∗∗

(8.282) (8.177) (8.271) (7.495) (6.608) (6.009) (5.380) (4.492)
Quarterly stock returns -0.065∗∗∗ -0.059∗∗∗ -0.061∗∗∗ -0.076∗∗∗ -0.070∗∗∗ -0.061∗∗∗ -0.050∗∗∗ -0.050∗∗∗

(-5.071) (-3.580) (-3.505) (-5.217) (-4.590) (-3.519) (-3.137) (-3.163)
Observations 6075 5898 5722 5545 5364 5185 5016 4850
Adjusted R2 0.691 0.681 0.661 0.645 0.629 0.608 0.589 0.578

Dependent variable: ln(IVOL)
CLN score 0.043∗∗∗ 0.054∗∗∗ 0.039∗∗∗ 0.045∗∗∗ 0.037∗∗∗ 0.022∗∗ 0.019∗ 0.016

(4.136) (5.166) (3.703) (4.104) (3.327) (2.003) (1.707) (1.303)
Quarterly stock returns -0.223∗∗∗ -0.155∗∗∗ -0.143∗∗∗ -0.084∗ -0.103∗ -0.151∗∗∗ -0.111∗∗∗ -0.071∗∗

(-5.471) (-3.666) (-3.906) (-1.845) (-1.909) (-3.667) (-3.126) (-2.139)
Observations 7956 7727 7502 7283 7066 6855 6654 6458
Adjusted R2 0.689 0.687 0.683 0.682 0.681 0.679 0.678 0.677

Panel B: Unlabeled public banks
Dependent variable: Merton default probability
CLN score 0.013∗∗∗ 0.011∗∗∗ 0.014∗∗∗ 0.012∗∗∗ 0.009∗ 0.007 0.005 0.004

(3.201) (2.804) (3.704) (2.924) (1.826) (1.209) (0.923) (0.737)
Quarterly stock returns 0.083∗∗∗ 0.073∗∗∗ 0.091∗∗∗ 0.080∗∗∗ 0.036 0.025 0.029 0.022

(4.354) (3.397) (4.020) (3.542) (1.568) (1.153) (1.350) (1.173)
Observations 2491 2438 2382 2326 2257 2186 2109 2040
Adjusted R2 0.745 0.753 0.745 0.731 0.709 0.701 0.688 0.691

Dependent variable: Modified default probability
CLN score 0.009∗∗ 0.008∗∗ 0.012∗∗∗ 0.008∗∗ 0.009∗ 0.009∗ 0.009 0.005

(2.515) (2.235) (2.888) (1.980) (1.972) (1.790) (1.561) (0.933)
Quarterly stock returns 0.043∗∗∗ 0.043∗∗ 0.049∗∗∗ 0.036∗∗ 0.017 0.016 0.013 0.016

(2.873) (2.535) (2.965) (2.165) (1.000) (0.979) (0.832) (1.130)
Observations 2491 2438 2382 2326 2257 2186 2109 2040
Adjusted R2 0.679 0.691 0.678 0.663 0.637 0.617 0.603 0.596

Dependent variable: ln(IVOL)
CLN score 0.031∗∗ 0.039∗∗∗ 0.019 0.036∗∗ 0.021 0.012 -0.007 -0.002

(1.993) (2.718) (1.301) (2.595) (1.510) (0.847) (-0.533) (-0.110)
Quarterly stock returns -0.193∗∗∗ -0.145∗∗ -0.075 -0.015 -0.004 -0.018 -0.008 -0.023
Observations 3576 3487 3399 3311 3226 3138 3041 2955
Adjusted R2 0.688 0.688 0.674 0.679 0.671 0.675 0.680 0.670

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
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Table 3.A8: Subperiod Analysis

Table 3.A8 presents the h-quarter-ahead prediction results of bank-level CLN score on different sample
Periods. We equally split the sample to two halves. The bank-level CLN score and control variables are
measured at time t, and the dependent variable is measured at time t + h. Panel A reports the results using all
observations. Panel B shows the results using unlabeled banks (banks who do not have assigned labels). Panel
C shows the results using private banks only. For simplicity, we do not report the coefficients estimates of the
control variables in the Panel B and C. Definitions of the variables are provided in Table 2.A1 in the Appendix.
Numbers in parentheses are two-tailed t-statistics. Standard errors are clustered at the bank level. ***, **, and
* indicate statistical significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A: All banks
First-half Subperiod
Dependent variable: Loan loss provisions
CLN score 0.096∗∗∗ 0.108∗∗∗ 0.146∗∗∗ 0.106∗∗∗ 0.113∗∗∗ 0.090∗∗∗ 0.118∗∗∗ 0.064∗

(6.723) (6.962) (7.084) (4.944) (4.968) (3.617) (4.203) (1.951)
Observations 5416 5308 5204 5101 4994 4891 4796 4706
Adjusted R2 0.468 0.475 0.510 0.484 0.464 0.458 0.456 0.448

Dependent variable: Non-performing loans
CLN score 0.260∗∗∗ 0.295∗∗∗ 0.292∗∗∗ 0.305∗∗∗ 0.338∗∗∗ 0.325∗∗∗ 0.312∗∗∗ 0.297∗∗∗

(5.899) (5.915) (5.019) (4.120) (4.111) (3.482) (3.091) (2.859)
Observations 4387 4378 4370 4302 4284 4264 4243 4218
Adjusted R2 0.481 0.455 0.415 0.387 0.366 0.347 0.331 0.317

Dependent variable: Return on assets
CLN score -0.216∗∗∗ -0.212∗∗∗ -0.250∗∗∗ -0.221∗∗∗ -0.226∗∗∗ -0.211∗∗∗ -0.207∗∗∗ -0.156∗∗∗

(-7.385) (-8.243) (-7.061) (-6.259) (-6.549) (-5.123) (-5.345) (-3.455)
Observations 5418 5310 5206 5103 4996 4892 4796 4706
Adjusted R2 0.302 0.273 0.258 0.242 0.231 0.225 0.218 0.209

Second-half Subperiod
Dependent variable: Loan loss provisions
CLN score 0.153∗∗∗ 0.113∗∗∗ 0.059∗∗∗ 0.072∗∗∗ 0.059∗∗∗ 0.036∗∗ -0.003 -0.002

(7.299) (5.792) (3.100) (3.835) (3.136) (2.171) (-0.183) (-0.124)
Observations 5892 5658 5427 5202 4986 4775 4569 4367
Adjusted R2 0.578 0.527 0.429 0.416 0.396 0.363 0.268 0.273

Dependent variable: Non-performing loans
CLN score 0.363∗∗∗ 0.318∗∗∗ 0.268∗∗∗ 0.212∗∗∗ 0.179∗∗ 0.145∗∗ 0.134∗ 0.113∗

(4.023) (3.692) (3.168) (2.761) (2.507) (2.176) (1.877) (1.679)
Observations 5892 5658 5427 5202 4986 4775 4569 4367
Adjusted R2 0.354 0.326 0.302 0.271 0.244 0.218 0.196 0.173

Dependent variable: Return on assets
CLN score -0.298∗∗∗ -0.246∗∗∗ -0.172∗∗∗ -0.162∗∗∗ -0.152∗∗∗ -0.119∗∗∗ -0.075∗∗∗ -0.076∗∗∗

(-9.986) (-9.072) (-7.061) (-6.238) (-6.569) (-5.228) (-3.898) (-4.010)
Observations 5892 5658 5427 5202 4986 4775 4569 4367
Adjusted R2 0.321 0.296 0.314 0.298 0.298 0.303 0.329 0.327

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
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Table 3.A8: Continued

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel B: Unlabeled banks
First-half Subsamples
Dependent variable: Loan loss provisions
CLN score 0.064∗∗∗ 0.065∗∗∗ 0.086∗∗∗ 0.059∗∗ 0.070∗∗ 0.053∗ 0.081∗∗ 0.027

(3.683) (3.553) (3.138) (2.374) (2.339) (1.688) (2.421) (0.672)
Observations 3302 3231 3164 3099 3030 2963 2891 2829
Adjusted R2 0.436 0.462 0.488 0.466 0.436 0.452 0.451 0.453

Dependent variable: Non-performing loans
CLN score 0.201∗∗∗ 0.206∗∗∗ 0.180∗∗∗ 0.188∗∗ 0.230∗∗ 0.224∗ 0.216 0.174

(3.443) (3.227) (2.616) (2.184) (2.288) (1.850) (1.594) (1.290)
Observations 2735 2723 2709 2667 2646 2621 2589 2561
Adjusted R2 0.439 0.410 0.378 0.358 0.340 0.324 0.310 0.292

Dependent variable: Return on assets
CLN score -0.146∗∗∗ -0.138∗∗∗ -0.164∗∗∗ -0.150∗∗∗ -0.167∗∗∗ -0.151∗∗∗ -0.158∗∗∗ -0.102

(-5.600) (-3.673) (-3.481) (-3.256) (-3.179) (-2.870) (-3.021) (-1.598)
Observations 3304 3233 3166 3101 3032 2964 2891 2829
Adjusted R2 0.338 0.269 0.252 0.225 0.209 0.216 0.219 0.222

Second-half Subsamples
Dependent variable: Loan loss provisions
CLN score 0.116∗∗∗ 0.085∗∗∗ 0.041∗ 0.063∗∗∗ 0.054∗∗ 0.032 -0.007 -0.003

(4.226) (3.309) (1.780) (2.720) (2.424) (1.608) (-0.404) (-0.160)
Observations 3605 3468 3331 3195 3068 2938 2811 2689
Adjusted R2 0.534 0.480 0.399 0.398 0.383 0.342 0.271 0.282

Dependent variable: Non-performing loans
CLN score 0.382∗∗∗ 0.328∗∗∗ 0.280∗∗ 0.252∗∗ 0.215∗∗ 0.181∗ 0.162∗ 0.155

(3.062) (2.773) (2.427) (2.346) (2.155) (1.928) (1.669) (1.554)
Observations 3605 3468 3331 3195 3068 2938 2811 2689
Adjusted R2 0.326 0.302 0.285 0.255 0.223 0.193 0.172 0.146

Dependent variable: Return on assets
CLN score -0.256∗∗∗ -0.208∗∗∗ -0.131∗∗∗ -0.110∗∗∗ -0.106∗∗∗ -0.090∗∗∗ -0.062∗∗ -0.056∗∗

(-6.868) (-6.176) (-4.714) (-3.771) (-4.120) (-3.462) (-2.381) (-2.125)
Observations 3605 3468 3331 3195 3068 2938 2811 2689
Adjusted R2 0.273 0.260 0.296 0.296 0.297 0.299 0.313 0.309

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
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Table 3.A8: Continued

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel C: Private banks
First-half Subsamples
Dependent variable: Loan loss provisions
CLN score 0.096∗∗∗ 0.109∗∗∗ 0.163∗∗∗ 0.115∗∗∗ 0.129∗∗∗ 0.086∗ 0.130∗∗∗ 0.045

(3.264) (3.648) (3.699) (2.988) (2.869) (1.815) (2.780) (0.712)
Observations 1852 1798 1746 1696 1647 1598 1552 1510
Adjusted R2 0.443 0.459 0.481 0.469 0.444 0.453 0.447 0.437

Dependent variable: Non-performing loans
CLN score 0.313∗∗∗ 0.349∗∗∗ 0.347∗∗∗ 0.365∗∗∗ 0.462∗∗∗ 0.418∗∗ 0.388∗ 0.361

(3.530) (3.527) (3.178) (2.719) (2.829) (2.083) (1.703) (1.537)
Observations 1598 1576 1554 1521 1497 1468 1440 1411
Adjusted R2 0.469 0.438 0.395 0.370 0.340 0.315 0.291 0.266

Dependent variable: Return on assets
CLN score -0.209∗∗∗ -0.208∗∗∗ -0.254∗∗∗ -0.197∗∗ -0.232∗∗∗ -0.193∗∗ -0.206∗∗ -0.097

(-4.983) (-3.849) (-3.443) (-2.512) (-2.933) (-2.344) (-2.429) (-0.922)
Observations 1854 1800 1748 1698 1649 1599 1552 1510
Adjusted R2 0.315 0.280 0.263 0.249 0.236 0.228 0.206 0.182

Second-half Subsamples
Dependent variable: Loan loss provisions
CLN score 0.108∗∗ 0.085∗∗ 0.039 0.096∗∗ 0.086∗∗ 0.050 -0.009 0.004

(2.503) (2.195) (1.054) (2.444) (2.235) (1.420) (-0.280) (0.102)
Observations 2030 1944 1861 1780 1701 1625 1551 1478
Adjusted R2 0.512 0.465 0.396 0.385 0.370 0.344 0.295 0.301

Dependent variable: Non-performing loans
CLN score 0.526∗∗∗ 0.468∗∗ 0.409∗∗ 0.393∗∗ 0.337∗∗ 0.292∗ 0.254∗ 0.247∗

(2.679) (2.452) (2.149) (2.157) (1.996) (1.820) (1.712) (1.681)
Observations 2030 1944 1861 1780 1701 1625 1551 1478
Adjusted R2 0.328 0.299 0.277 0.247 0.209 0.173 0.141 0.115

Dependent variable: Return on assets
CLN score -0.296∗∗∗ -0.240∗∗∗ -0.157∗∗∗ -0.148∗∗∗ -0.165∗∗∗ -0.118∗∗∗ -0.080∗∗ -0.057

(-5.712) (-5.003) (-3.528) (-2.991) (-3.775) (-2.998) (-2.212) (-1.567)
Observations 2030 1944 1861 1780 1701 1625 1551 1478
Adjusted R2 0.261 0.245 0.269 0.259 0.269 0.273 0.296 0.303

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
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Table 3.A9: Bank Co-Lending Network Risk and GFC

Table 3.A9 presents the h-quarter-ahead prediction results of bank-level CLN score on GFC periods.
The GFC indicator variable equals to 1 (0) if the year-quarter is within the mid of 2007 and the end of 2008.
Panel A reports the results using all observations. Panel B shows the results using unlabelled banks (banks who
do not have assigned labels). Panel C shows the results using private banks only. Panel B and C have extactly
same control variables as Panel A. For simplicity, we do not report the coefficients estimates of the control
variables. Definitions of the variables are provided in Table 2.A1 in the Appendix. Numbers in parentheses
are two-tailed t-statistics. Standard errors are clustered at the bank level. ***, **, and * indicate statistical
significance at the 1%, 5%, and 10% levels, respectively.

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Panel A: All banks
Dependent variable: Loan loss provisions
CLN score 0.109∗∗∗ 0.097∗∗∗ 0.079∗∗∗ 0.047∗∗∗ 0.045∗∗∗ 0.035∗∗ 0.027∗ 0.001

(7.462) (6.852) (5.848) (3.750) (3.251) (2.245) (1.907) (0.037)
CLN score × GFC 0.252∗∗∗ 0.236∗∗∗ 0.438∗∗∗ 0.744∗∗∗ 0.707∗∗∗ 0.544∗∗∗ 0.606∗∗∗ 0.593∗∗∗

(3.235) (3.292) (4.035) (5.528) (5.929) (6.294) (5.372) (4.191)
Observations 11308 10966 10631 10303 9980 9666 9365 9073
Adjusted R2 0.540 0.505 0.484 0.477 0.460 0.448 0.447 0.446

Dependent variable: Non-performing loans
CLN score 0.289∗∗∗ 0.262∗∗∗ 0.222∗∗∗ 0.186∗∗∗ 0.157∗∗∗ 0.144∗∗∗ 0.142∗∗ 0.131∗∗

(4.522) (4.282) (3.713) (3.435) (3.073) (2.803) (2.515) (2.326)
CLN score × GFC 0.718∗∗∗ 1.012∗∗∗ 1.187∗∗∗ 1.360∗∗∗ 1.625∗∗∗ 1.510∗∗∗ 1.354∗∗∗ 1.226∗∗∗

(3.353) (4.138) (4.362) (4.422) (4.310) (4.402) (4.062) (3.824)
Observations 10279 10036 9797 9504 9270 9039 8812 8585
Adjusted R2 0.396 0.372 0.346 0.323 0.309 0.292 0.280 0.270

Dependent variable: Return on assets
CLN score -0.231∗∗∗ -0.207∗∗∗ -0.173∗∗∗ -0.139∗∗∗ -0.143∗∗∗ -0.136∗∗∗ -0.103∗∗∗ -0.070∗∗∗

(-10.977) (-9.644) (-8.278) (-6.465) (-6.786) (-5.514) (-5.663) (-3.484)
CLN score × GFC -0.558∗∗∗ -0.475∗∗∗ -0.710∗∗∗ -0.931∗∗∗ -0.787∗∗∗ -0.544∗∗∗ -0.673∗∗∗ -0.745∗∗∗

(-3.329) (-4.843) (-4.368) (-3.876) (-4.113) (-4.407) (-4.106) (-4.236)
Observations 11310 10968 10633 10305 9982 9667 9365 9073
Adjusted R2 0.316 0.281 0.270 0.262 0.251 0.239 0.239 0.235

Panel B: Unlabeled banks
Dependent variable: Loan loss provisions
CLN score 0.076∗∗∗ 0.067∗∗∗ 0.050∗∗∗ 0.034∗∗ 0.033∗∗ 0.024 0.016 -0.014

(4.182) (3.636) (2.994) (2.280) (1.988) (1.273) (1.006) (-0.792)
CLN score × GFC 0.200∗ 0.123∗ 0.237∗∗ 0.487∗∗∗ 0.508∗∗∗ 0.359∗∗∗ 0.411∗∗∗ 0.472∗∗

(1.963) (1.701) (1.999) (2.943) (3.000) (3.422) (2.678) (2.552)
Observations 6907 6699 6495 6294 6098 5901 5702 5518
Adjusted R2 0.498 0.471 0.454 0.448 0.429 0.431 0.433 0.439

Dependent variable: Non-performing loans
CLN score 0.284∗∗∗ 0.245∗∗∗ 0.203∗∗∗ 0.179∗∗ 0.151∗∗ 0.130∗ 0.115 0.100

(3.319) (3.027) (2.624) (2.471) (2.188) (1.904) (1.594) (1.360)
CLN score × GFC 0.568∗ 0.750∗∗ 0.803∗∗ 0.960∗∗ 1.240∗∗ 1.234∗∗∗ 1.194∗∗ 1.022∗∗

(1.878) (2.348) (2.373) (2.504) (2.564) (2.753) (2.517) (2.273)
Observations 6340 6191 6040 5862 5714 5559 5400 5250
Adjusted R2 0.361 0.335 0.313 0.291 0.274 0.260 0.253 0.241

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
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Table 3.A9: Continued

Dependent variable (t+h): (1) (2) (3) (4) (5) (6) (7) (8)
h=1 h=2 h=3 h=4 h=5 h=6 h=7 h=8

Dependent variable: Return on assets
CLN score -0.190∗∗∗ -0.167∗∗∗ -0.125∗∗∗ -0.096∗∗∗ -0.104∗∗∗ -0.103∗∗∗ -0.080∗∗∗ -0.036

(-7.425) (-6.200) (-4.832) (-3.718) (-4.024) (-3.722) (-3.487) (-1.270)
CLN score × GFC -0.314∗∗∗ -0.269∗ -0.499∗∗ -0.683∗∗ -0.600∗∗∗ -0.360∗∗ -0.498∗∗ -0.642∗∗∗

(-3.548) (-1.713) (-2.384) (-2.465) (-2.648) (-2.587) (-2.370) (-2.849)
Observations 6909 6701 6497 6296 6100 5902 5702 5518
Adjusted R2 0.301 0.253 0.249 0.234 0.223 0.223 0.229 0.238

Panel C: Private banks
Dependent variable: Loan loss provisions
CLN score 0.077∗∗ 0.078∗∗∗ 0.065∗∗ 0.050∗∗ 0.052∗ 0.036 0.013 -0.022

(2.568) (2.715) (2.365) (1.980) (1.937) (1.185) (0.528) (-0.787)
CLN score × GFC 0.331∗∗ 0.253∗∗ 0.531∗∗∗ 0.899∗∗∗ 0.899∗∗∗ 0.593∗∗∗ 0.834∗∗∗ 0.830∗∗∗

(2.059) (2.310) (3.179) (3.764) (3.973) (4.120) (4.867) (3.009)
Observations 3882 3742 3607 3476 3348 3223 3103 2988
Adjusted R2 0.486 0.463 0.449 0.450 0.433 0.422 0.423 0.423

Dependent variable: Non-performing loans
CLN score 0.387∗∗∗ 0.351∗∗∗ 0.298∗∗ 0.285∗∗ 0.259∗∗ 0.227∗∗ 0.198∗ 0.178

(2.994) (2.835) (2.480) (2.492) (2.360) (2.066) (1.842) (1.637)
CLN score × GFC 0.980∗ 1.340∗∗ 1.559∗∗∗ 1.746∗∗∗ 2.237∗∗∗ 2.070∗∗∗ 1.943∗∗ 1.939∗∗

(1.956) (2.459) (2.640) (2.719) (2.816) (2.755) (2.388) (2.455)
Observations 3628 3520 3415 3301 3198 3093 2991 2889
Adjusted R2 0.376 0.349 0.322 0.298 0.277 0.252 0.232 0.216

Dependent variable: Return on assets
CLN score -0.228∗∗∗ -0.203∗∗∗ -0.147∗∗∗ -0.098∗∗∗ -0.136∗∗∗ -0.121∗∗∗ -0.091∗∗∗ -0.019

(-6.126) (-5.268) (-3.786) (-2.640) (-3.921) (-3.255) (-2.718) (-0.447)
CLN score × GFC -0.551∗∗∗ -0.534∗∗∗ -1.084∗∗∗ -1.277∗∗∗ -1.020∗∗∗ -0.599∗∗∗ -0.816∗∗ -0.898∗∗

(-3.661) (-2.612) (-3.650) (-2.984) (-2.873) (-2.644) (-2.517) (-2.393)
Observations 3884 3744 3609 3478 3350 3224 3103 2988
Adjusted R2 0.278 0.246 0.249 0.248 0.236 0.216 0.210 0.203

Controls Yes Yes Yes Yes Yes Yes Yes Yes
Year-Quarter Fixed Effect Yes Yes Yes Yes Yes Yes Yes Yes
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Figure 3.A1: CoLGNN Validation and Test Accuracy
Figure 3.A1 presents shows the test accuracy and validation accuracy of our CoLGNN model.
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Figure 3.A2: CoLGNN with Standard Bank Loan Control Variables

Figure 3.A2 displays the importance scores of the top-ranked (a) edge features (loan characteristics) and (b)
node features (bank characteristics) based on Integrated Gradients attributions for CoLGNN training using only
standard control variables from the syndicated lending literature. This supplementary analysis focuses exclusively
on the loan features that have been consistently used in prior banking literature: loan size, maturity, spread,
covenant intensity, and other key elements. The importance scores are calculated and averaged similarly to
Figure 3.4 using integrated gradient.
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Chapter 4

How Does Antitrust Enforcement Affect Corpora-
tions? Evidence from Government Contractors

“If we will not endure a King as a political power, we should not endure a King over the pro-
duction, transportation, and sale of the necessaries of life.”—Senator John Sherman (Sherman,
1890)

4.1 Introduction

Despite over a century of antitrust enforcement and its central role in maintaining competitive
markets, empirical evidence on how these legal actions affect corporate performance remains
surprisingly limited. Recently reignited interest in antitrust enforcement among policymakers,
researchers, and media reflects growing concerns about market concentration (Baker, 2019;
Bessen, 2016; Furman, 2016; Grullon et al., 2019; Shapiro, 2019), but studies have not reached
consensus on whether antitrust actions benefit or harm affected markets and their participants.1

This gap has significant implications for financial markets, as antitrust enforcement actions
potentially trigger substantial wealth redistribution among stakeholders, affecting competitive
dynamics, corporate valuations, and investment incentives in ways underexplored by market
participants and policymakers.

Antitrust enforcement represents the legal and administrative mechanisms through which gov-
ernment authorities correct market failures arising from anti-competitive conduct. These en-
forcement actions aim to restore market efficiency by detecting and deterring practices that
create deadweight losses, such as monopolies, market allocation, bid rigging, and other forms of

1While one strand of the literature argues that corporate market power can negatively impact employees,
consumers, and productivity (Autor et al., 2020; Barkai, 2020; Gutiérrez & Philippon, 2017), another suggests
that firms operating in less competitive markets may benefit from significant economies of scale. This allows a
smaller number of large competitors to offer superior quality at lower prices, encourage innovation, and ultimately
drive productivity growth (Bessen, 2020; Ganapati, 2018; Kang, 2025; Syverson, 2004; Van Reenen, 2018).
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collusion that can harm markets by reducing competition (Tirole, 1988). Therefore, from a the-
oretical point of view, successful antitrust lawsuits are expected to reduce market entry barriers,
resulting in an influx of new market participants, reduced prices, and increased total output
(Babina et al., 2023). However, research also suggests that incumbent firms in affected prod-
uct markets, whether defendants or non-defendants, experience a decline in profit margins—in
some cases simply because enforcement actions remove a major market participant-which may
have negative implications for their performance and financial stability (Aguzzoni et al., 2013;
Besley et al., 2021; Cestone et al., 2021). With the additional concern that antitrust enforce-
ment might impose significant costs—litigation expenses, regulatory uncertainty, disruption of
network efficiencies—that could offset the intended benefits. This concern is often reflected in
adverse financial market reactions to antitrust lawsuits (Bittlingmayer, 1993; Bittlingmayer &
Hazlett, 2000; Wier, 1983).

We use antitrust lawsuits related to government procurement activities as an ideal economic
laboratory. This setting is particularly compelling for several reasons. First, government pro-
curement represents a substantial portion of economic activity, typically accounting for 10%
to 15% of a country’s GDP. The guaranteed government demand shuts down demand-side
confounders, allowing us to isolate competitive supply-side dynamics. Second, procurement
systems are highly susceptible to supplier collusion and corruption (Fazio & Zaldokas, 2024;
Gallo et al., 1994; Goldman & Zeume, 2023), and a significant proportion of antitrust law-
suits—approximately 35%, according to our calculations—are related to government procure-
ment activities.2 Third, the formal debarment process creates a clean identification of market
exclusion that would be unobservable in private markets. Last but not least, high-quality data
on procurement contracts enables precise identification of these markets, their participants, and
their structure.

We compile detailed information on all Department of Justice (DOJ) antitrust lawsuits using
two complementary sources: Wolters Kluwer’s VitalLaw platform and the official DOJ Antitrust
Case Filings database. Our methodology leverages the capabilities of large language models
with human verification to ensure comprehensive coverage and accuracy. By doing so, we
identify lawsuits related to government procurement activities and extract data on the associated
product markets and defendants. This approach also allows us to gather extensive information
on the types of misconduct and other characteristics of antitrust lawsuits. Furthermore, we
match this dataset with comprehensive information on government procurement contracts and

2Evidence of the importance for the government of ensuring fair competition in procurement markets is the
creation in 2019 of the Procurement Collusion Strike Force (PCSF), an inter-agency partnership led by the U.S.
Department of Justice’s Antitrust Division. The stated goal of the agency is to protect taxpayer dollars from
being misused due to collusion between companies seeking government contracts. To date, this agency has trained
over 38,000 agents and procurement officials, opened more than 140 investigations, and recovered more than 65
million in fines and restitution.
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detailed establishment-level data on government contractors, including their employment, sales,
financial health metrics, and organizational characteristics.

We focus our analysis on the period from 2001 to 2021. We observe significant variation in
antitrust lawsuits both over time and across different government procurement product markets,
which provides the basis for our empirical analysis. Using granular establishment-level data on
government contractors and procurement contracts, we apply a difference-in-differences research
design (Babina et al., 2023; Kang, 2025; Sproul, 1993), and we observe an increase in government
grants awarded to non-defendant government contractors’ establishments operating in exposed
product markets, relative to those in unaffected product markets. This effect is economically
meaningful; our estimation results imply a 9% increase in government grants awarded to an
establishment in our sample.

We also examine the impact of antitrust lawsuits on traditional measures of business outcomes.
Specifically, we find that non-defendant establishments experience a substantial increase in the
use of inputs, proxied by the number of employees, and in output, proxied by total sales. The
evidence suggests that establishments expand their operations following antitrust enforcement
actions, hiring additional workers and generating higher revenue streams. Importantly, we do
not find evidence that this expansion adversely affects their financial health, as the increase in
input use is proportional to the increase in output.

This stream of current and anticipated revenues positively affects the market valuation of non-
defendant, publicly traded government contractors in our sample. This effect is economically
significant and corresponds to an increase in shareholder wealth of $8.45 million for the average
firm in this subsample. We rationalize this finding by considering the efficient market hypothesis
(Fama, 1970), which suggests that stock prices reflect all available information accessible to
investors. In anticipation of increased cash flows-documented in our analysis through the rise
in government contracts awarded-investors raise their valuations of non-defendant firms.

A potential concern with our analysis is that we investigate lawsuits brought to court by the
DOJ Antitrust Division, meaning that the treatment is not random. If illegal conduct emerges in
product markets with unique trends that make them different from other markets, our approach
does not allow us to establish a causal relationship. However, we use a day-by-day event study
analysis to support the hypothesis that lawsuits are unexpected, as the market did not fully
anticipate the drop in cash flow. We also corroborate the validity of our difference-in-differences
analysis by investigating the dynamic effects of our outcome variables of interest and applying a
robust inference test (Rambachan & Roth, 2023), providing empirical evidence that the parallel
trend assumption is likely to hold. In addition, we show that our main findings are robust to
broader product market and industry dynamics by controlling for aggregate industry trends and
including linear and quadratic time trends at the product market level. Our results also remain
robust when we refine the selection of the control group using a propensity score matching.
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Furthermore, we propose a placebo test and find no evidence that establishments not engaged
in government procurement activities but located in the same county and operating within the
same product market are affected by antitrust lawsuits.

Additional results further support the hypothesis that the exclusion of colluding firms from
procurement product markets is the key to explaining our main finding. We show that our results
are driven by antitrust lawsuits in which corruption, fraud, and bribery have been identified
as tools to illicitly gain market power. A distinctive feature of our setting is that, especially
for this type of misconduct, defendant firms in procurement markets are subject to bans from
bidding on or receiving government contracts (see the discussion in Karpoff et al. (1999)). This
result suggests that antitrust lawsuits become particularly effective and beneficial for incumbent
businesses when colluding firms are rationed out of the market.

To provide more direct evidence on the exclusion of colluding businesses from product markets,
we identify a sample of establishments belonging to defendant firms and demonstrate that
they experience a significant and substantial decline in government contract awards. These
results further suggest that antitrust lawsuits caused a reallocation of sales across businesses and
enhanced access to exposed product markets; simultaneously, our results clearly indicate that
colluding establishments lose a substantial share of their market. We also provide evidence that
antitrust lawsuits particularly benefit incumbent establishments in large procurement markets,
where the market share reallocation is expected to be more significant.

At the product-market level, we document that antitrust lawsuits drive an influx of new par-
ticipants into the affected markets. This increase in market participation is also reflected in
a measurable decline in market concentration at the product market level. However, despite
increased market participation, we do not find any evidence that antitrust lawsuits affect gov-
ernment acquisition costs. If anything, we document a small increase in the renegotiation of
government contracts, which can drive government contract costs substantially higher (Bajari &
Tadelis, 2001). This finding can potentially be explained by the winner’s curse, where companies
aggressively underbid in more competitive environments, only to realize ex post that they can-
not fulfill the contract at the awarded price (Hong & Shum, 2002; Thaler, 1988). Furthermore,
as discussed by Carril and Duggan (2020), the government’s ability to leverage its monopsony
power constrains suppliers’ ability to set higher prices, even when they possess market power.

In the final section of the paper, we examine the establishments that benefit the most from
antitrust enforcement and the characteristics of establishments participating in affected product
markets. Antitrust lawsuits are generally expected to lower entry barriers, benefiting especially
small firms and new entrants. However, antitrust lawsuits also generate increased competition,
which requires establishments to make substantial investments to gain a larger share of reshaped
product markets and thrive in this competitive environment.
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Our findings reveal that there are no significant differences in the characteristics of the establish-
ments taking part in the exposed product markets after an antitrust lawsuit. If any, our results
suggest that they tend to be, on average, larger. At the same time, we observe that small and
financially constrained businesses hold a relatively smaller market share in the reshaped, more
competitive landscape. These results do not align with the Schumpeterian theory, where market
dominance is expected to be disrupted by new, innovative entrants. Instead, the observed re-
shaping of market participants suggests a reallocation of dominance among established firms. In
this sense, our findings align more closely with recent research by Faccio and McConnell (2020),
emphasizing that replacing dominant firms often involves other existing large firms rather than
new entrants.

4.2 Related literature and contribution

Our paper contributes to the literature investigating how antitrust enforcement affects corporate
performance and industry dynamics.

Within this literature, some papers investigate the effects of antitrust enforcement on the equity
prices of publicly traded firms under investigation, as well as other firms in the same industry,
immediately following the release of indictment news. These studies find negative stock market
reactions (Bittlingmayer, 1993; Bittlingmayer & Hazlett, 2000; Bizjak & Coles, 1995), and their
findings have been widely cited to support the argument that antitrust lawsuits can create
inefficiency and uncertainty, potentially harming corporations, consumers, and the economy as
a whole.

Another strand of literature combines reduced-form and structural analysis to estimate the
effects of antitrust sanctions on welfare, focusing on a single industry and documenting sig-
nificant negative effects of collusion on customers’ well-being (Barkley, 2023; Igami & Sugaya,
2022). Few studies, but likely more relevant to our paper, examine the impact of antitrust
lawsuits across multiple industries and events, reporting mixed results. For example, Babina
et al. (2023) examine DOJ antitrust lawsuits and find that antitrust enforcement actions in the
U.S. permanently increase employment by 5.4% and business formation by 4.1% in non-tradable
industries. In a similar vein, Reed et al. (2022) use data from Mexican cartel investigations to
show that sanctions improve industry performance. Also investigating DOJ antitrust lawsuits,
Kang (2025) examines how price-fixing cartels affect defendants’ innovation, showing that col-
lusion significantly enhances patent filings, R&D investment, and innovation breadth. These
effects, primarily driven by financial gains and managerial expectations, vary across industries,
and dissipate after collusion ends. Cestone et al. (2021), using the cases opened by the European
Commission between 1991 and 2019, find that cartel investigations temporarily reduce profits
for all firms in the affected industry and increase profits for their customers. In response to the
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negative shock to their profitability, firms engage in intense restructuring: they undertake mass
layoffs and reduce employment; to lesser extents, they increase leverage, cut investment, and
sell assets.

Our analysis complements these investigations, which have yielded contrasting conclusions on
the impact of antitrust lawsuits on economic activities, by focusing on antitrust lawsuits re-
lated to government procurement activities in the U.S. and their corporate impact. This is
important because, as we show in the paper, a large fraction of antitrust lawsuits are related to
government procurement. Considering that government spending is a significant component of
the country’s GDP, the government has a strong interest in ensuring fair competition and the
efficient allocation of resources in these markets. In addition, from an empirical point of view,
this setting presents the advantage that these markets and their participants can be identified
very clearly. Moreover, these antitrust lawsuits exhibit distinctive characteristics that deepen
our understanding of how and when such legal actions positively impact businesses.

To the best of our knowledge, we are the first to identify the positive effects of antitrust lawsuits
at the granular corporate level and to show the consequences of antitrust lawsuits for defen-
dant firms. Furthermore, our research provides novel insights into the heterogeneous effects
of antitrust enforcement, which depend on the size of the exposed product market, the abil-
ity of businesses to capitalize on these opportunities, and the effective exclusion of colluding
firms from the market. Unfortunately, we do not find evidence that customers and taxpayers
benefit from antitrust lawsuits, as we do not document any change in government acquisition
costs. Furthermore, the benefits of these legal actions are not evenly distributed, as larger,
well-established firms benefit more than smaller, financially constrained businesses.

Other papers investigate the impact of antitrust enforcement and competition policies on cor-
porate and industry performance by leveraging regulation changes across different countries.
Dasgupta and Žaldokas (2019) use country-level variation across amnesty programs to measure
the effects of equilibrium changes in antitrust policy on investment and financing decisions. They
find that firms step up investment and increase equity issuance as the equilibrium switches from
collusion to oligopolistic competition. As a result, debt ratios fall. Buccirossi et al. (2013) use a
country-level index of competition policy to show that countries with more robust competition
policies have more significant productivity growth. Similarly, Faccio and Zingales (2022) pro-
vides evidence that rules promoting competition are associated with a lower concentration and
lower prices. They find no evidence that pro-competition rules are associated with worse quality,
lower investments, less employment, or lower wages. Besley et al. (2021) use a country-level
antitrust enforcement index to show that firms operate with lower profit margins in countries
with solid antitrust policies.

Our work also contributes to the literature investigating how corporate violations affect corpo-
rate performance and the performance of their peers. Within this literature, misconduct has
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been shown to impose significant negative consequences on firms. Such violations are met with
legal and regulatory penalties (Karpoff et al., 2005), reputational damage (Armour et al., 2017;
Murphy et al., 2009), and stakeholder conflicts (Barrage et al., 2020; Deng et al., 2014; Johnson
et al., 2014; Ng & Rezaee, 2015). Contrary to our findings, however, corporate misconduct
has been generally shown to have adverse spillover effects on other firms operating within the
same sectors. Evidence has shown that peer firms, especially those that are potential targets
for future regulations, experience an increase in litigation risk and reputational damage after
an accusation (Donelson et al., 2022; Gande & Lewis, 2009; Gleason et al., 2008). On the other
hand, in line with the competitive dynamics hypothesis arguing that peer misconduct could be
beneficial for corporations because it creates opportunities for competitors to capture market
share from weakened peers (Naumovska & Lavie, 2021), our results indicate that peer firms
benefit from the misconduct of defendant firms and the breaking of anti-competitive barriers.

Finally, since many antitrust lawsuits involve corruption and bribery activities, our study con-
tributes to the literature on how corruption and anti-corruption measures affect firms and eco-
nomic activity. Shleifer and Vishny (1993) show that weak institutions increase corruption and
that its illicit, secretive nature makes it more distortionary and costly than taxation, espe-
cially in less developed countries. Using cross-country data, Mauro (1995) finds that corruption
reduces investment and economic growth. Christensen et al. (2024) document that stronger mid-
2000s anti-corruption enforcement in Africa boosts local development while reducing perceived
corruption and mitigating the political resource curse. Goldman and Zeume (2023) show that
anti-corruption enforcement benefits unpunished firms in non-OECD industries, particularly
those linked to foreign, productive, and less corruption-exposed groups, by increasing revenue,
asset productivity, and profitability while lowering local corruption perceptions. Colonnelli et al.
(2022) demonstrate that randomized anti-corruption audits in Brazil encourage firms to grow
by adapting their investment strategies—increasing capital investment and borrowing—even as
they lose government contracts, with effects varying by the level of corrupt involvement.

4.3 Antitrust lawsuits

4.3.1 Institutional background

The U.S. institutional framework for antitrust enforcement evolved to address distinct cate-
gories of market failure through three complementary mechanisms. The Sherman Act of 1890
established the DOJ’s authority to prosecute anti-competitive conduct criminally, while the
Federal Trade Commission Act of 1914 created the Federal Trade Commission (FTC) to pursue
administrative remedies. Additionally, the Clayton Act of 1914 introduced private rights of
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action, enabling individuals and businesses to seek treble damages for harm caused by antitrust
violations.

This tripartite structure aligns with economic theory on optimal deterrence. Criminal prosecu-
tion by the DOJ focuses on explicit collusion, where harm is evident and deterrence through
penalties is most efficient. Administrative proceedings by the FTC address emerging compet-
itive threats that require detailed economic analysis to assess their effects. Finally, private
enforcement establishes market-based incentives for both detection and deterrence.

This institutional specialization has evolved to match enforcement technologies with the eco-
nomic characteristics of different anti-competitive behaviors (Sawyer, 2019). Early enforcement
under the Sherman Act primarily targeted obvious monopolization and price-fixing agreements.
Modern enforcement addresses more sophisticated anti-competitive schemes, particularly in
procurement markets where complex bid-rigging arrangements have replaced obvious forms of
collusion. Recent innovations, such as the 2019 creation of the Procurement Collusion Strike
Force, reflect the continued adaptation of enforcement mechanisms to emerging forms of anti-
competitive conduct.

4.3.2 Collecting information on antitrust lawsuits

We draw information on antitrust lawsuits from two complementary sources: Wolters Kluwer’s
VitalLaw platform (which incorporated the Commerce Clearing House Trade Regulation Re-
porter, previously used by Babina et al. (2023) and Kang (2025)) and the official DOJ Antitrust
Case Filings database. This dual-source approach enables extensive cross-validation and ensures
complete coverage of enforcement actions.

VitalLaw serves as our primary source, providing detailed case summaries authored by legal ex-
perts specializing in antitrust law. Each summary contains standardized information about (1)
case identifiers, including docket numbers and filing dates; (2) detailed descriptions of alleged
violations; (3) geographic and temporal scope of violations; (4) market and industry character-
istics; and (5) case outcomes including penalties and remedies. As argued and demonstrated
by Babina et al. (2023), these summaries serve as an authoritative source. Unlike the DOJ’s
official website, which primarily contains recent cases, this database maintains comprehensive
coverage across all periods. In addition, the summaries provide standardized information in a
consistent format, facilitating systematic data collection.

While these alternative sources contain valuable information, extracting key metrics from indi-
vidual antitrust lawsuits can be extraordinarily complex. These documents often use special-
ized terminology and draw upon dense statutory and economic frameworks, including detailed
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discussions of relevant markets, industry practices, and case law precedents. Such language fre-
quently requires a substantial degree of legal and economic expertise to interpret reliably. While
prior studies have tried human assistants to identify and code these data, this manual process
is prone to inconsistencies, subjective biases, and substantial labor demands, factors that can
compromise both the accuracy and scalability of traditional approaches. In the next section,
we introduce a novel approach that addresses these challenges through the use of advanced
language modeling techniques.

4.3.3 Leveraging LLM for high-fidelity legal analysis

Our data-collecting approach produces a complete and high-fidelity dataset by combining the
analytical capability of the state-of-the-art large language models (LLM) with thorough human
verification. We deploy OpenAI’s GPT-4 Omni (gpt-4o) via a systematic API implementation
built on a structured JSON schema and supported by robust error-handling protocols. The pro-
cess begins with a primary classification phase that identifies procurement-related cases within
our corpus. Following this initial classification, we use LLM to extract detailed information
about violation types, defendant identities, and product market identifiers. This extraction
follows predefined classification schemas and passes through multiple validation checkpoints to
ensure accuracy.

Our approach is motivated by LLM’s advanced capability of detecting subtle linguistic cues
in complex legal documents. LLM identifies specialized legal phrasing, contextual references,
and descriptive language that signal anti-competitive behaviors such as collusion or monopo-
listic practices—nuances that traditionally require extensive manual review by legal experts.
Recognizing the limitations inherent in LLM, such as “hallucinations”, we implemented a com-
prehensive human review protocol where we manually examine all outputs, assuring that our
final dataset consistently reflects the actual information content of antitrust enforcement doc-
uments. By integrating advanced LLM with human verification, our methodology provides
granular insights into procurement-related antitrust dynamics that would be difficult to capture
through conventional manual coding or basic keyword-search approaches.

4.3.4 Antitrust lawsuits related to government procurement

We collect information on 3,438 cases from 1971 and identify antitrust lawsuits associated with
government procurement activities.3 We found that a large proportion of antitrust lawsuits

3Figure 4.A1 presents two complementary text visualizations: a frequency-weighted word cloud displaying
key terms across all government procurement-related antitrust cases, and a specialized visualization highlighting
procurement-specific terminology identified via LLM. The first visualization excludes common legal terminology
(e.g., “defendant,” “plaintiff,” “court”), procedural language, temporal references, numerical expressions, generic
business terms, common verbs/adjectives, and geographic designations to focus on case-specific content. The
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belong to this category: 26% in our sample, which includes the period 2001-2021, as reported
in Figure 4.1, or 35.46% for the whole sample of antitrust lawsuits available. We also observe
significant heterogeneity in the timing of antitrust lawsuits that we exploit in our empirical
analysis.

[Insert Figure 4.1 about here]

Another important aspect of our analysis is the identification of the procurement market affected
by the antitrust lawsuits. Following Reed et al. (2022), we define specific product markets using
the corresponding 6-digit North American Industry Classification System (NAICS) code, the
most granular level of aggregation available. Our data collection follows a strict hierarchy:
when cases are available on the Department of Justice’s Antitrust Case Filings website,4 we
directly use the NAICS-6 classification officially assigned by the DOJ. For cases not available
on the DOJ website, we use large language models to extract this information from VitalLaw
summaries, followed by manual verification to ensure maximum fidelity to official designations
while providing comprehensive coverage across our sample.

We present the distribution of antitrust lawsuits across industries (2-digit NAICS code) in Figure
4.2. The majority of events are concentrated in construction, manufacturing, and other service
markets, which are the largest procurement sectors. Figure 4.A2 provides a more detailed
breakdown at the product market level.

[Insert Figure 4.2 about here]

Another notable aspect of our approach is its ability to extract detailed information about
the various facets of antitrust lawsuits, including the type of misconduct. Figure 4.3 high-
lights the diverse range of misconduct types associated with antitrust lawsuits, emphasizing the
complexity of these cases. Among the violations, bid rigging and price fixing emerge as par-
ticularly notable, indicating efforts to manipulate competitive conditions. Bribery, wire fraud,
and government fraud are also commonly used as tools to control market power, indicating sub-
stantial concerns about corruption and fraudulent activities in government procurement. This
diversity underscores the multifaceted challenges in addressing and preventing anticompetitive
behavior. Figure 4.A3 shows the spatial patterns in government procurement-related antitrust
enforcement. Court venues are concentrated in major judicial centers like Washington DC, New
York, and California, while defendant headquarters show greater dispersion across industrial
and commercial hubs.
second uses a multi-role LLM to extract procurement-specific terms from each case (e.g., “bid rigging,” “contract
awards,” “federal acquisition”) that distinguish procurement-related violations from general antitrust cases.

4https://www.justice.gov/atr/antitrust-case-filings-alpha
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As explained by Karpoff et al. (1999), a distinctive feature of our government procurement
setting is that defendant firms are effectively excluded from procurement markets when antitrust
lawsuits involve corruption, fraud, and other fraudulent activities. More specifically, these firms
face temporary bans from bidding on or receiving government contracts during the investigation
phase, as well as long-term bans (up to three years) from engaging in government contracts,
which may apply to the entire company or specific divisions.

[Insert Figure 4.3 about here]

We show in Figure 4.4 the share of different settlement types and appeal statuses in our final
sample. The majority (92.04%) of cases were resolved through plea agreements, followed by con-
sent decrees (6.57%). Dismissed cases represent a smaller proportion (1.38%). Regarding appeal
cases, most cases (95.56%) were not appealed, while 4.44% were appealed. These proportions
are similar to the number that we observe for the whole sample of DOJ antitrust lawsuits.

[Insert Figure 4.4 about here]

We also examine whether antitrust lawsuits address absolute or relative monopolistic practices.
This classification is interesting to extract from our source, as the Chicago School approach
to antitrust emphasizes the enforcement against absolute monopolistic practices while advocat-
ing reduced enforcement against relative monopolistic practices (Lancieri et al., 2022). This
perspective emphasizes price theory, industrial organization, and maximization of efficiency or
consumer welfare, presenting these objectives as economically sound. At the same time, relative
monopolistic practices are considered less significant, pro-competitive, and potentially beneficial
to consumers. However, as reported in Figure 4.5, only a tiny share of antitrust lawsuits are
related to absolute monopolistic practices. These statistics are also consistent when considering
the entire sample of DOJ antitrust lawsuits.5

[Insert Figure 4.5 about here]

4.4 Data and Summary Statistics

After collecting and classifying information on antitrust lawsuits, we gathered additional data
on government contractors, both at the establishment and corporate levels. Furthermore, we
collected information on government procurement contracts to construct our final database and
advance our empirical analysis.

5In Online Appendix C, we include five examples of antitrust lawsuits related to government procurement
activities, along with other relevant information we have collected.
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We use information from the National Establishment Time Series (NETS) database. This
database contains information on the universe of establishments in the U.S., belonging to both
private and public firms.

Using this database, we identify establishments listed as government contractors. This includes
all establishments that have held government contracts or grants at any point during our period
of analysis (Barrot & Nanda, 2020). In addition, this source provides information on the sales
and employees. We also use the PAYDEX score, a business credit score issued by Dun &
Bradstreet, to evaluate the impact of antitrust lawsuits on establishments’ financial health
and riskiness. This measure objectively assesses financial health by reflecting their payment
behavior, and it is extensively used by creditors, suppliers, and financial institutions to evaluate
credit risk. Furthermore, this score predicts future payment behavior, overall credit risk, and
business failure (Chava et al., 2023). Finally, the NETS database also provides information on
the location and industry of the establishments.

After identifying government contractors using the NETS database, we have been able to classify
174 establishments as defendants based on the extracted information from our antitrust lawsuit
data.6 Additionally, we perform fuzzy matching to align the headquarters’ names of these
establishments with corporate balance sheet data from Compustat and stock price information
from CRSP. Through this process, we identified 196 public companies that are government
contractors operating in product markets exposed to antitrust lawsuits, along with 9 defendant
companies.

We gather comprehensive information on government contracts from USAspending. Detailed
data on these contracts have been available since the Federal Funding Accountability and Trans-
parency Act (FFATA) was enacted in 2006. This law was designed to enhance transparency in
government spending, and the database includes records dating back to 2001 (Brogaard et al.,
2021).

It is important to note that a single award may consist of multiple transactions, as some awards
involve several payments or modifications over time. We collapse this information at the estab-
lishment and year level to obtain the total dollar amount of government contracts awarded to
an establishment.7 Additionally, this database provides detailed information on the characteris-
tics of government procurement contracts, the relative procurement processes, and the winners.
This enables us to conduct an empirical analysis to examine changes in market competitiveness,
participant dynamics, and efficiency at the contract and product market levels.

6This analysis is limited by the fact that, in criminal antitrust cases, the DOJ Antitrust Division often
prosecutes individuals rather than companies. Additionally, when confidentiality concerns are paramount, the
DOJ may list individuals’ names instead of companies’ in its lawsuits.

7We merge this information with the NETS database, as both databases use the same establishment identifier,
the DUNS number. Notably, the establishment identifier used for reporting establishment-level information in
the procurement database changed after 2021, limiting our ability to extend the analysis beyond this period.
Furthermore, the most recent and final release of the NETS database includes information up to the year 2022.
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In our main analysis, we focus on establishments classified as government contractors (135,348
establishments), as indicated in the NETS database. After merging the antitrust lawsuit data
with establishment information and excluding establishments belonging to defendant firms, our
final dataset consists of 1,678,543 establishment-year observations spanning the period from 2001
to 2021. We report the summary statistics for this sample in Table 4.1. Government contractors
in our sample have an average of approximately 72 employees and report average annual revenues
of $16 million. On average, they receive $820 thousand in government obligations. Their average
Paydex score is 72, out of a maximum possible value of 100, and 13% of the establishments
operate in product markets affected by antitrust lawsuits.

[Insert Table 4.1 about here]

4.5 Empirical analysis

4.5.1 The determinants of antitrust lawsuits

Figure 4.1 shows the yearly variation in antitrust lawsuit intensity over time. We observe
significant heterogeneity, with an increase in antitrust lawsuit activity during the financial crisis
and at the beginning of the Obama administration. After a sharp decline, we observe increased
use of antitrust lawsuits in the more recent years during the first Trump administration.

To better understand the dynamics of antitrust lawsuit activities, we begin our empirical analysis
by examining their determinants. To do so, we estimate the following Equation:

Antitrust Lawsuit Eventj,t = αj + γt + βIndustry Characteristicsj,t + ϵj,t (4.1)

Antitrust Lawsuit Event is an indicator variable equal to 1 if an antitrust lawsuit takes place in
a product market j at time t. Industry Characteristics are alternative industry characteristics
that we investigate. More specifically, we consider product market size, concentration (using
the HHI index), and the number of participants.8 αj and θt are, respectively, product market
and year fixed effects, that we use in alternative specifications.

We report estimation results in Table 4.2. Contrary to our expectations, we find that antitrust
lawsuits are more common in less concentrated product markets, as well as in markets with a
more significant number of competitors and greater overall size. More specifically, a 1% increase
in the HHI reduces the likelihood of being treated by 0.005 percentage points, a 1% increase in

8We obtain this information by collapsing information from USAspending at the product-market and year
level. We present the average values of these variables in the table containing the estimation results. A detailed
description of each variable is available in the Online Appendix.
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the number of firms increases it by 0.003 percentage points, and a 1% increase in government
spending increases it by 0.002 percentage points. These findings align with the idea that anti-
competitive and illegal behaviors are more likely where the benefits of such actions are higher.9

However, when we control for industry and year-fixed effects, the coefficients are not statistically
significant anymore, suggesting that the exact timing of antitrust lawsuits is exogenous.

[Insert Table 4.2 about here]

4.5.2 Access to the product market

We aim to investigate how antitrust lawsuits related to government activities affect non-defendant
government contractors operating in the product market impacted by the lawsuits. In partic-
ular, antitrust lawsuits are expected to reduce barriers to market entry in affected product
markets and lead to a reallocation of sales across establishments.

To explore this hypothesis in greater depth, we collect information on government procurement
contracts. We aggregate the dollar amount of each transaction at the establishment-year level
and merge this information with the NETS database using the DUNS number identifier available
in both databases. Following previous literature (Babina et al., 2023; Kang, 2025; Sproul, 1993),
we employ a difference-in-differences approach to compare affected government contractors with
establishments operating in different, unaffected product markets before and after an antitrust
lawsuit. In doing so, we exclude the establishments of identified defendant firms from the
sample. More specifically, we estimate Equation (4.2):

IHS Government Contractsi,t = αi + γt + δc,t + βAntitrust Lawsuiti,j,t + ϵi,j,t (4.2)

The outcome variable is the inverse hyperbolic sine transformation (IHS) of total government
awards in an establishment i at time t. This transformation is appropriate due to the presence
of many zeros and some negative values. In addition, it allows a similar interpretation of the
regression results as the logarithmic transformation (Bahar & Rapoport, 2018; Carroll et al.,
2003). In this specification, Antitrust Lawsuit is an indicator that takes a value equal to one
after an establishment i that is operating in a product market j at time t is exposed to an
antitrust lawsuit for the first time.10 αi and γt are respectively establishment and year fixed

9While it is well known that illicit conducts are significantly more frequent in environments with weak in-
stitutions, the theoretical effect of firm competition on the benefits that firms derive from illegal conducts is
ambiguous (Cheung et al., 2021; Svensson, 2005).

10We identify the product market in which an establishment operates by using the NAICS-6 code that is
reported when the establishment first appears in the NETS database. Our results do not change if we use the
time-varying NAICS code reported in the database.
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effects. Furthermore, in an additional specification, we control for county times year fixed effects
(δc,t), which enable us to account for time-invariant geographic characteristics.

We report the results in Table 4.3. We find a positive effect of antitrust lawsuits on the dollar
amount of government contracts of non-defendant establishments. This effect is also econom-
ically meaningful; considering the results reported in Column (2), the coefficient implies an
increase of 10% in federal obligations after an antitrust lawsuit concerning the average trans-
formed outcome variable. Given that the average non-transformed government obligation is
820.66 thousand dollars, this translates to an increase of approximately 215–250 thousand dol-
lars in government obligations per establishment. This confirms that the estimated effect is
both statistically and economically significant.

[Insert Table 4.3 about here]

4.5.3 Establishments’ performance, employment, and financial health.

To get a broader picture of how antitrust lawsuits affect corporations, we aim to estimate how
these events affect the performance of these establishments. To do so, we estimate Equation
(4.2) and use the natural logarithm transformations of employment and sales as alternative
outcome variables. In addition, we also use the Paydex score, which measures the financial
health of establishments.

We report estimation results in Table 4.4. We find a positive impact on sales and employees.
More specifically, considering the results reported in Column (1), we find an increase of 3.9%
in employment after an antitrust lawsuit concerning the average transformed outcome variable.
On the other hand, considering the results reported in Column (2), we find an increase of 0.6%
in sales after an antitrust lawsuit concerning the average transformed outcome variable. These
results provide evidence that antitrust lawsuits benefit both corporations and employees in the
affected product markets. More specifically, employment increases by 5.8 additional employees
per establishment, while sales increase by $1.75 million per establishment.11 These results
suggest that corporations not only benefit from increased access to specific, exposed product
markets but also experience overall growth.

Within this framework, we also consider prior literature suggesting that incumbent firms in
affected product markets experience a decline in profit margins, potentially undermining their

11Note that the higher magnitudes in terms of establishment sales, compared to revenues attributed solely from
government contracts, can be explained by the fact that: i. a large proportion of sales in the NETS database
tends to be estimated (Barnatchez et al., 2017); and ii. government contracts include only federal government
contracts, and the data before 2006 is incomplete, leading to measurement errors that can potentially bias the
coefficients toward zero. However, it is also possible that higher government contracts enable establishments to
expand into other product markets as well.
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financial stability (Aguzzoni et al., 2013; Besley et al., 2021; Cestone et al., 2021). Accordingly,
in Column (3), we examine the impact of antitrust lawsuits on the financial health of the
establishments. However, we find a negative but statistically insignificant effect on the Payday
score. This is likely due to the simultaneous increase in input use and sales.

[Insert Table 4.4 about here]

4.5.4 Identification

The validity of our empirical approach relies on the assumption that the treatment and control
groups would have experienced the same trend in the outcome variable in the absence of treat-
ment. This implies that any pre-treatment differences between the groups remain constant over
time.

Our empirical strategy assumes the timing of the antitrust lawsuits in a product market is
unexpected. This is supported by several features of antitrust enforcement: the DOJ typically
conducts early investigations covertly to prevent evidence destruction and gather third-party
information, creating uncertainty about if and when a lawsuit will occur. Even if firms suspect
or know of an investigation, the likelihood and timing of litigation remain unclear.

To empirically investigate the validity of our identification strategy, we test whether there is
any fundamental difference between our treatment and control groups. Table 4.A2 shows the
normalized differences for both industry and establishment characteristics. Panel A reports
characteristics at the industry level, while Panel B reports characteristics at the establishment
level. In the two panels, ND is used to indicate normalized differences.

As reported in Imbens and Wooldridge (2009), two variables are considered similar if the nor-
malized differences fall within the threshold of ±0.25. Based on this criterion, we conclude that
establishments in exposed and non-exposed product markets are identical regarding observ-
able characteristics. However, the two markets are less similar. Specifically, as already shown
in our previous results reported in Table 4.2, affected product markets are more competitive.
Nonetheless, these differences should be accounted for by including time-invariant fixed effects.

To more explicitly test the validity of the parallel trend assumption, we consider the dynamic
effects of our outcome variables. To do so, we use the estimator proposed by Callaway and
Sant’Anna (2021). This approach also addresses the potential endogeneity of the difference-in-
differences estimator when the treatment variable is staggered (Baker et al., 2022; De Chaise-
martin & d’Haultfoeuille, 2020). Unlike traditional difference-in-differences methods that rely
on a fixed reference year, this estimator compares treatment effects dynamically over multi-
ple periods by leveraging units with the same initial treatment level as controls, allowing for
non-binary and non-absorbing treatment processes.
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[Insert Figure 4.6 about here]

Figure 4.6 provides evidence that our identified effects are long-lasting. There is a clear increase
in employment, sales, and the amount of federal obligations awarded after the event; on the
other hand, we do not find any effect on the Paydex score, which is consistent with our baseline
results. It is important also to notice that the coefficients before the event are close to zero.
However, the F-test on the joint statistical significance of the coefficients before the event rejects
the hypothesis that the coefficients are jointly equal to zero, except for the coefficients related
to the Paydex score.

4.5.5 A more credible approach to test the parallel trend assumption

Roth (2022) argues that coefficients close to zero but statistically significant might suggest that,
while the difference in trends is small, the model is detecting consistent, systematic deviations
from parallel trends due to a large sample size or low variability. In particular, if the pre-
treatment coefficients are statistically significant but their magnitude is close to zero, it could
reflect a practical, negligible deviation from parallel trends, particularly if the effect size is
economically or substantively insignificant. Therefore, the significance of the coefficients alone
cannot definitively confirm or refute the validity of the assumption of parallel trends. Instead,
it should be evaluated in combination with additional sensitivity analyses.

For this reason, we implement the sensitivity test proposed by Rambachan and Roth (2023)
to evaluate the robustness of our results to potential violations of the parallel trends assump-
tion. This approach provides formal bounds on treatment effects under progressively relaxed
constraints on the counterfactual trend’s behavior. More specifically, our analysis follows two
complementary approaches. First, the ”relative magnitudes” method examines the sensitivity
of period-specific point estimates to violations of parallel trends, testing how robust individ-
ual treatment effects are across different time periods. Second, the ”average effects” method
examines weighted averages of treatment effects throughout all post-treatment periods, which
provides a more holistic assessment of overall impact while potentially improving precision. Us-
ing these two alternative approaches, we calculate the 95 % confidence intervals for our main
estimators under different assumptions of the value M, the upper limit for the change between
two consecutive periods in the slope of the underlying linear trend. A value of M equal to 0 on
the x-axis corresponds with allowing for linear violations of parallel trends. Larger values of M
allow for more significant deviations from linearity.

As shown in Figure 4.A4, our treatment effect estimates for employment and sales remain statis-
tically significant across increasingly relaxed constraints on trend violations in both approaches.
The confidence intervals widen as M increases, but the estimated effects remain positive and
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significant even at M=0.5. For government awards, while the confidence intervals are relatively
wider—particularly in the period-specific analysis—the point estimates consistently remain pos-
itive across specifications, and the average effect shows greater stability. The stronger robustness
in the average effects analysis suggests that our estimates of aggregate impact are less sensitive
to potential non-linearities than period-specific estimates.

The consistency of these results, even under cautious assumptions about trend breaches, offers
strong proof that our conclusions represent real treatment effects of antitrust enforcement rather
than byproducts of parallel trend violations.

4.5.6 Stock market reactions to antitrust lawsuits.

To further validate our empirical approach and test whether antitrust lawsuits are unexpected to
investors, we evaluate stock market returns for non-defendant firms around the filing dates. To
do so, we identify affected firms by antitrust lawsuits as those operating within 6-digit NAICS
codes subject to antitrust enforcement (excluding defendants).

As reported in Figure 4.7, we observe positive stock market reactions for this sample of 196
firms. More specifically, the figure presents the buy-and-hold abnormal return (BHAR) for
these firms surrounding the days of antitrust enforcement filings. Before the enforcement event,
BHAR remains relatively stable, fluctuating around zero. However, following the event, we
observe positive abnormal returns, reaching approximately 1% by day 10. This translates to
an increase in shareholder wealth of $8.45 million for the average firm in our sample (market
capitalization of $845 million), with effects ranging from $1.96 million at the 25th percentile to
$34.4 million at the 75th percentile of firm size. For our sample of 196 non-defendant firms, this
represents a total wealth creation of approximately $1.66 billion.

[Insert Figure 4.7 about here]

These positive stock market reactions can be explained considering the efficient market hypothe-
sis (Fama, 1970). More specifically, stock prices are expected to reflect all available information.
Antitrust enforcement disrupts anti-competitive practices, thereby leveling the playing field for
non-defendant firms. As market power shifts, non-defendant firms may gain access to pre-
viously restricted markets, secure higher sales, and achieve better contract terms. Investors,
anticipating these positive outcomes, respond with higher valuations of non-defendant firms.

More formally, we can write that stock prices reflect the present value of expected future cash
flows, as reported in the following Equation:

Pt =
∞∑

t=1

E(CFt)
(1 + r)t

, (4.3)
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where Pt is the stock price at time t, E(CFt) is the expected cash flow at time t, and r is the
discount rate, incorporating the risk-free rate and a risk premium.

Our empirical analysis is consistent with this framework; we show that establishments of non-
defendant firms have increased access to market share, and government contracts raise E(CFt).
At the same time, we did not document any change in business credit risk, proxied by the
Paydex score.

Being more precise, we can also express the change in expected cash flows (∆E(CFt,After Antitrust))
as:

∆E(CFt,After Antitrust) = γ ·MarketSize ·∆S, (4.4)

where γ is the efficiency parameter capturing competitive firms’ ability to capitalize on redis-
tributed market share, ∆S is the market share lost by monopolistic firms, and Market Size is
the total size of the affected product market. If one of these three factors is equal to 0, antitrust
lawsuits are unlikely to bring any benefits to non-defendant businesses.

This simple framework allows us to develop the following set of hypotheses to explain the
documented changes in cash flows and the benefits from antitrust lawsuits for non-defendant
businesses:

• Establishments of defendant firms are excluded and lose a substantial share of their prod-
uct markets.

• The benefits of non-defendant firms depend on the total size of the affected product
market.

• The ability of non-defendant firms to gain from antitrust lawsuits depends on their capacity
to capitalize on the redistributed market share.

4.6 Robustness checks

In this section, we provide additional results to demonstrate the robustness of our findings and
the validity of our identification strategy.

4.6.1 Alternative methodological choices

First, a potential concern with our baseline difference-in-differences approach is that product
markets exposed to antitrust lawsuits may differ systematically from unexposed markets. To
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address this selection concern, we combine our difference-in-differences approach with a propen-
sity score matching based on product market characteristics. Specifically, we match treated
and untreated markets using one-to-one and one-to-five nearest-neighbor matching algorithms
based on market size, concentration, and competitive structure. After matching, normalized
differences for our alternative samples confirm that both industries and establishments are sim-
ilar in terms of observable characteristics. Table 4.A3 shows the estimation results using these
matched samples. The coefficients remain positive and statistically significant, though slightly
smaller in magnitude than our baseline estimates, falling within one standard error of the orig-
inal results. This confirms that our findings are not driven by selection based on observable
market characteristics.

In our main specification, we cluster the standard errors at the product market level, which is
the level at which the treatment is assigned (Abadie et al., 2023; Bertrand et al., 2004). In
this section, we demonstrate that our results hold when we consider alternative approaches.
Specifically, our results remain robust when we adjust the standard errors for correlation at the
following levels: product market and year, establishment, establishment and year, county, and
county and year. The results are presented in Table 4.A4.

In addition, we consider alternative ways to measure government contracts. In our main results,
we use the inverse hyperbolic sine (IHS) transformation of total government awards as the
outcome variable, as this approach is suitable for handling the presence of many zeros and some
negative values. We show that our findings remain robust when we use the level of the outcome
variable or when we consider the average award values over two or three years, as well as the
relative IHS transformation. In fact, since government contracts often span multiple years,
using the average award value provides a more stable measure that smooths out year-to-year
fluctuations. We report the estimation results in Table 4.A5.

4.6.2 Addressing potential confounding factors

We further test whether other product market trends explain our findings. Specifically, we first
explicitly control for time-variant product market characteristics.12 Next, we include industry
(2-digit NAICS code)-by-year fixed effects to control for broader industry trends. Finally, we
account for linear and quadratic time trends in the product market. We report consistent results
in Table 4.A6. These results further indicate that broader industry or product market trends
do not explain our findings.

Antitrust enforcement in one product market might affect related markets through competitive
spillovers or resource reallocation. To investigate this possibility, we test whether establishments

12We control for the share of fixed-price contracts, the share of contracts awarded through competitive auctions,
the average number of contract renegotiations, and the HHI index at the product procurement market level.
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in adjacent markets—defined as operating in the same broader 4-digit NAICS sector but not
in the specific 6-digit NAICS code exposed to antitrust lawsuits—experience indirect effects.
We create an indicator variable, Antitrust Lawsuit Spillover, equal to one for establishments in
these adjacent markets following an antitrust lawsuit (and zero otherwise). As shown in Table
4.A7, we do not find any statistically significant spillover effects, suggesting that the benefits
of antitrust enforcement are concentrated within directly affected product markets rather than
spread more broadly. This finding strengthens our identification strategy by confirming the
specificity of the treatment effect to exposed markets.

4.6.3 Placebo test and triple difference-in-differences

First, we use establishments that are not government contractors but are located in the same
county and operate in the same product market as government contractors as a placebo group.
Using this substantially larger sample of 185,463,304 establishment-year observations, we esti-
mate our baseline specification with employment, sales, and financial health as outcomes. As
reported in Table 4.A8, we do not find any effect of antitrust lawsuits on the performance of
this group of establishments.

As an additional robustness check, we implement a triple difference-in-differences framework
using non-government contractors as a control group. The identification assumption for this
estimator is that no other events in the product market are generating differential trends between
government and non-government contractors that could affect their relative outcomes (Gruber,
1994). If this assumption holds, we can isolate the causal effect of government spending from
other confounding factors, thereby clarifying its true impact on corporate outcomes. Notably,
this triple difference-in-differences approach enables us to include product-by-year fixed effects,
which control for time-varying product market characteristics. More specifically, we estimate:

Yi,t = αi + δc,t + γj,t + β(GovtContractori ×Antitrust Lawsuitj,t) + ϵi,t (4.5)

where Yi,t is the outcome for establishment i at time t. αi captures establishment fixed effects, δc,t

controls for county-by-year effects, and γj,t represents product market-by-year fixed effects. The
main effects of GovtContractori and Antitrust Lawsuitj,t are absorbed by the establishment
and product market-by-year fixed effects, respectively. Our coefficient of interest, β, isolates the
differential effect of antitrust lawsuits on government contractors.

Table 4.A9 presents these results. The coefficients on the triple interaction are positive and
highly significant across all outcomes. Employment increases by 18.1% and sales by 30.7% for
government contractors relative to non-contractors following antitrust enforcement. In addition,
and in contrast to our baseline findings, the positive interaction coefficient we uncover when
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using the Paydex score as the outcome variable suggests that contractors experience a 1.598-
point improvement (a 2.2% increase relative to the mean) following an antitrust lawsuit.

4.7 Mechanisms

Our main results suggest that antitrust lawsuits halt anti-competitive practices and facilitate
the entry and redistribution of sales across establishments within the exposed product market.
In this section, we provide more direct evidence of these mechanisms.

4.7.1 Type of misconduct and exclusion effects

As reported in Equation (4.4), we expect that businesses in exposed product markets benefit
from antitrust lawsuits when colluding businesses lose a share of the colluded markets.

To better understand how antitrust lawsuits affect corporations and product markets, we exploit
the heterogeneity in their characteristics. More specifically, we identify antitrust lawsuits that
encompass bribery, government fraud, mail fraud, wire fraud, tax evasion, money laundering,
and obstruction of justice. We then estimate Equation (4.2) separately for this group of antitrust
lawsuits and for the other group that is not linked to any of these misconducts. We report the
two coefficients of interest in Figure 4.A5.

We find that our results are driven by antitrust lawsuits in which market power has been
attempted to be controlled through fraud and corruption. For this type of misconduct, the
law mandates debarment and exclusion from government contracting (Karpoff et al., 1999).
In contrast, other anti-competitive practices, while serious, may result in corrective actions or
less severe penalties. This result suggests that antitrust lawsuits become effective and benefit
non-defendant businesses when defendants are effectively excluded from the markets.

4.7.2 Product market size effects

As reported in Equation (4.4), the benefits of antitrust lawsuits are expected to be more signif-
icant when the exposed product market is larger. To test this hypothesis, we divide the sample
based on the median value of the size of the procurement market, proxied by the total spending,
and re-estimate Equation (4.2).

We report the results in Table 4.A10. According to our hypothesis, we find that the coefficient
is positive and statistically significant only for the sample of establishments operating in larger,
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exposed product markets. Given the substantial costs of antitrust enforcement for the gov-
ernment, our findings suggest that focusing investigations on firms operating in large product
markets may be a more effective strategy to stimulate the economy.13

4.7.3 Market share reallocation

To provide more direct evidence that colluding firms are excluded from the markets, we iden-
tified 174 unique establishments that are government contractors and part of defendant firms.
We use the same control group and compare their government award dynamics with those of
establishments operating in product markets that have never been affected by antitrust lawsuits.

We next estimate the following Equation:

IHS Government Contractsi,t = αi + θt,c + βAntitrust Lawsuiti,t + ϵi,t (4.6)

In this setting, Antitrust Lawsuit is an indicator variable equal to 1 after an antitrust lawsuit that
affects the establishments of an affected firm. On the other hand, αi and θt,c are establishment
and county and year fixed effects, respectively.

We find a negative effect on the dollar amount of government contracts for these establishments,
as reported in Table 4.5. More specifically, we find a statistically significant decrease of 35.34% in
federal obligations for defendant establishments after an antitrust lawsuit concerning the average
outcome variable. Thus, after an antitrust lawsuit, defendant firms lose an average of $460–$470
thousand dollars in government contracts.14 Overall, these results provide supporting evidence
that the exclusion of defendants facilitates the redistribution of sales across other establishments
within the product market.15

[Insert Table 4.5 about here]

We also report the results from Equation (4.6), using the natural logarithm of employment
and sales, as well as the paydex score, as outcome variables. The results are presented in
Table 4.A11. We find a negative and statistically significant effect on employment. Regarding
sales and the paydex score, the coefficients are negative and economically significant, but not

13Baker (2002) estimate that costs of antitrust enforcement, both for the government and private firms, are
estimated at approximately $1–2 billion annually.

14Notably, Heese and Pérez-Cavazos (2019) show that regulatory scrutiny does not always lead to contract
reductions; they show that federal agencies can substitute cost-plus contracts with fixed-price contracts when
firms face fraud allegations, though reductions occur after settlements.

15We also report the dynamic effects in Figure 4.A6. Although the low number of observations does not allow
us to properly estimate these dynamics, the penalties appear to last for three years, as stipulated by the law
(Karpoff et al., 1999).
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statistically significant at the conventional 10% level. This could suggest that while defendant
firms are penalized in exposed product markets, they may have expanded in other markets.

In a similar vein, stock market reactions around the days of the event for 9 identified defendants
who are also public corporations are in line with the idea that investors anticipate negative
cash flows and more significant risks for these corporations. Figure 4.A7 presents the buy-and-
hold abnormal return (BHAR) for 9 identified defendant firms operating in the treated product
market surrounding the days of antitrust enforcement filings. Following the antitrust lawsuit
filings, BHAR exhibits a notable negative trend, suggesting a positive abnormal return, reaching
approximately 2% by day 10. For the typical defendant company (market capitalization of $9.54
billion), this unfavorable market response results in a significant decline in shareholder worth of
$191 million. This reflects a total wealth loss of around $1.72 billion for our sample of defendant
companies, in line with investors expecting major expenses from antitrust enforcement activities.

4.7.4 Product market competition

To further investigate whether antitrust lawsuits halt anti-competitive practices, we conduct an
analysis at the product market level. Specifically, we examine whether the number of partici-
pants in exposed product markets increases following an antitrust lawsuit. Increased participa-
tion is also expected to decrease market concentration. Moreover, we examine whether changes
in competition are linked to variations in the average contract value, a proxy for government
acquisition costs.

To do so, we estimate the following Equation 4.7.

Outcomej,t = αs + γt + βAntitrust Lawsuitj,t + ϵj,t (4.7)

In this setting, Outcome is the number of participants in a product market, a measure of market
concentration, the HHI index, the average contract value, and the protest rate.16 Antitrust
lawsuits is an indicator variable equal to 1 after the first antitrust lawsuits in a product market,
and 0 otherwise. αs and γt are product market and year-fixed effects, respectively.

The results are presented in Table 4.6. We find that antitrust lawsuits result in an increased
number of market participants and a reduction in market concentration. Specifically, the number
of participants increases by 7% relative to the average transformed value. This suggests that an
antitrust lawsuit leads to an increase of approximately 16 additional establishments per product
market, representing a substantial rise in market participation. At the same time, we document

16We constructed these variables using data from USASpending, except for the protest rate, which is derived
from bid protest data from Canayaz et al. (2025). The estimation results table presents the average values of
these variables, and a detailed description of each variable is provided in the Online Appendix.
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a significant 2% decrease in the natural logarithm of the HHI index relative to its average
transformed value. This coefficient implies that an antitrust lawsuit reduces the HHI index
from approximately 2,027 to 1,750, indicating a meaningful decline in market concentration.

These results are economically meaningful and provide evidence that antitrust lawsuits lower
entry barriers, benefit new entrants, and reduce market concentration. However, interestingly,
as reported in the third column, we do not find evidence that the average contract values
change, suggesting that antitrust lawsuits are not affecting government procurement costs. We
investigate and discuss more on this point further in the next session of the paper.

Finally, we use data on bid protests from Canayaz et al. (2025) to investigate whether antitrust
lawsuits effectively impact market fairness—or at least how market fairness is perceived by
participants. This information is available for the spanning period from 2005 to 2016. Using
the number of bid protests adjusted for the number of unique firms participating in a product
market as an outcome variable, we identify a negative relationship between antitrust enforcement
and the protest rate. More specifically, the coefficient indicates a 0.121 percentage point decrease
in the protest rate following antitrust lawsuits, implying that enforcement actions may improve
market transparency and reduce the need for firms to challenge procurement decisions. This
effect represents a substantial 30.1% reduction relative to the sample average protest rate of
0.402%. However, despite this economically significant effect, it is not statistically significant
at the conventional 90% level.

[Insert Table 4.6 about here]

4.8 Market participants and their characteristics

Antitrust lawsuits are generally expected to lower entry barriers and benefit small firms and new
entrants (Babina et al., 2023). However, as we demonstrate in this paper, increased competition
requires greater resources, which small firms may lack. Additionally, it is important to consider
that in concentrated markets, significant economies of scale may exist, allowing a smaller number
of large competitors to deliver products with both higher quality at lower prices (Bessen, 2020;
Ganapati, 2018; Kang, 2025; Syverson, 2004; Van Reenen, 2018).

In this section, we examine how antitrust lawsuits impact the characteristics of market partici-
pants and other characteristics of government procurement. To do so, we merge our establishment-
level database with government contracts. After identifying the main contract based on the
earliest transaction and removing contracts with a value of zero or negative, our final database
consists of 22,458,175 contracts.
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4.8.1 Characteristics of market winners

After providing evidence of increased market participation and decreased market concentration,
we examine the characteristics of market participants in reshaped product markets. Using our
contract-level database, we estimate the following Equation:

Winner Characteristicc,i,j,t = ηs + θtc + βAntitrust Lawsuitj,t + ϵc,i,j,t (4.8)

Winner Characteristic indicates the characteristics of the winner of a contract c to an estab-
lishment i that win award the contract in a product market s at time t. Antitrust Lawsuit is
an indicator variable that takes a value equal to after the first antitrust lawsuit in a specific
product market. When there has been more than one antitrust lawsuit in a product market, we
consider the first event. ηs and θtc are product market and county-year fixed effects. Finally,
we weigh each contract by (the natural logarithm of its) respective contract value.

We present our results in Table 4.7. As reported in Columns (1) and (2), we document that
contract-winning establishments in exposed product markets are, on average, larger. The two
coefficients are, indeed, large, positive, and statistically significant. In Column (3), the coeffi-
cient for the financial indicator (Paydex) suggests a large 27.6% improvement in the financial
strength of the average establishment taking part in this market, although this estimate is not
statistically significant at the 10% conventional level.

In Column (4), the coefficient of 0.014 indicates a small, statistically insignificant increase in
the likelihood of being a public corporation. Column (5) reports a 0.133 increase in the age
of winning establishments, yet this effect is not statistically significant. Likewise, Column (6)
shows a -0.015 coefficient, implying a 1.5 percentage point reduction in the probability of being
classified as a small firm, and Column (7) shows a -0.002 coefficient for minority ownership,
both of which are not statistically significant.

Overall, these results suggest that the characteristics of businesses participating in the product
market do not change significantly after an antitrust lawsuit. If anything, we document that
establishments in affected markets tend to be, on average, larger and less financially constrained.
This outcome may be explained by the fact that the ability of non-defendant firms to benefit
from antitrust lawsuits depends on their capacity to capitalize on the redistributed market
share, as shown in Equation (4.4). Furthermore, as we demonstrate in our paper, firms must
make significant investments to enter and secure a share of the product market, which may
be particularly challenging for small and financially constrained firms. These results partially
contradict Schumpeterian theory, which posits that the market power of dominant firms is
eroded over time by new, innovative entrants. Instead, our findings align more closely with
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recent research by Faccio and McConnell (2020), which emphasizes that replacing dominant
firms often involves other existing firms rather than new entrants.

[Insert Table 4.7 about here]

4.8.2 Government acquisition costs

Antitrust lawsuits are widely regarded as a tool to increase competition, leading to a decrease
in prices that benefits consumers (Brot et al., 2024; Clark et al., 2018). However, the result in
the last column of Table 4.6 suggests that the average value of procurement contracts within
an exposed product market does not decrease after an antitrust lawsuit.

A limitation of our data is that we do not observe unit procurement costs directly. However,
to more carefully evaluate this point, we follow previous literature and investigate whether
antitrust lawsuits impact renegotiation activities and the use of cost-plus contracts, which are
primary drivers of government overspending (Bajari & Tadelis, 2001; Crocker & Reynolds,
1993). Furthermore, we analyze whether it influences the likelihood of a contract being awarded
through a competitive bidding process. We use this information as alternative outcome variables
in Equation (4.8).

We report the results in Table 4.8. We find no evidence that antitrust lawsuits affect the
likelihood that a contract is awarded through a competitive bidding process or whether the use
of cost-plus contracts becomes less common. However, we do find an increase in the number of
renegotiation activities of each contract. Since the mean number of renegotiations per contract
is 1.303, so an increase of 0.095 represents approximately a 6% increase in the frequency of
renegotiations. This finding can potentially be explained by the winner’s curse, where firms
aggressively underbid in highly competitive and uncertain procurement environments, only to
realize ex-post that they cannot fulfill the contract at the awarded price (Hong & Shum, 2002;
Thaler, 1988). As a result, these firms often seek renegotiation to adjust for unforeseen losses,
likely leading to higher government contract costs. This aligns with the incentives framework
in Bajari and Tadelis (2001), which highlights how ex-ante competitive pressure coupled with
ex-post contractual flexibility fosters renegotiation dynamics.

[Insert Table 4.8 about here]

Overall, we find no evidence that antitrust lawsuits lead to lower prices. This result may be ex-
plained by the nature of procurement markets. As recently demonstrated by Carril and Duggan
(2020), the government’s ability to dictate contract terms and leverage its monopsony power
constrains suppliers’ ability to set higher prices, even when they possess market power. This
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suggests that while colluding firms may have used their market power to secure government con-
tracts, the government’s strong bargaining position limited their ability to raise prices. However,
a potential limitation of this analysis is that we do not observe the quality of the goods and
services provided, which may have been affected by increased competition.

4.9 Conclusion

A growing literature in economics and finance debates whether government intervention in prod-
uct markets effectively enhances competition, and whether increased competition, in turn, leads
to improved economic outcomes. While previous literature presents mixed evidence regarding
the consequences of antitrust lawsuits on the economy, our analysis at the corporate level offers
fresh insights into the effectiveness of these legal actions.

To advance the literature, we use government contractors and antitrust lawsuits related to gov-
ernment procurement activities as a laboratory experiment. Our empirical analysis reveals that
antitrust lawsuits improved access to the affected product markets for non-defendant businesses.
Additional findings provide evidence that these events positively affect the performance and la-
bor outcomes of these corporations without any negative consequence for their financial health.
Conversely, defendant firms face reduced government contracts and diminished market power.
At the product market level, we also document an increase in participants and a decrease in
market concentration. Interestingly, post-lawsuit markets tend to be populated by larger and
older establishments. At the same time, the competitive environment challenges small, finan-
cially constrained businesses. Finally, we do not find any change in government procurement
costs.

These results support the hypothesis that antitrust lawsuits could significantly benefit non-
defendant corporations and their employees. Our findings are particularly relevant in a setting
where firms are rationed out of the market due to legal restrictions on collusive firms. Our
conclusions may not directly apply in contexts where customers can still purchase from collusive
firms, which might lower prices following an investigation.
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Figure 4.1: Antitrust Lawsuits Related to Government Activities

Figure 4.1 shows the number of antitrust lawsuits related to government procurement activities over time, specif-
ically for the period 2001–2021. VitalLaw case summaries serve as our source of information. We use LLMs to
identify government-related antitrust cases.
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Figure 4.3: Types of Antitrust Lawsuits Violation

Figure 4.3 displays the frequency distribution of different violation types in antitrust lawsuits related to govern-
ment procurement activities from 2001-2021. The horizontal bars show the count of each violation type, arranged
in descending order of frequency. This analysis is based on DOJ antitrust case data from VitalLaw summaries,
with violations identified and classified using LLM.
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Figure 4.4: Antitrust Lawsuits Legal Outcomes

Figure 4.4 reports information on the relative share of different settlement types and appeal statuses in our final
sample. VitalLaw case summaries serve as our source of information. We use LLMs to extract this information.
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Figure 4.5: Relative and Absolute Monopolistic Practices

Figure 4.5 the share of different settlement types and appeal statuses in our final sample. VitalLaw case summaries
serve as our source of information. We use LLMs to extract this information.
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Figure 4.6: Antitrust Lawsuits and Non-Defendants Outcomes: Dynamics Effects

Figure 4.6 displays the dynamic effects of antitrust lawsuits on non-defendant establishments’ outcomes to test
the validity of our difference-in-differences identification strategy. Using the estimator proposed by Callaway
and Sant’Anna (2021), we address potential endogeneity concerns in staggered treatment settings that tradi-
tional difference-in-differences methods may not fully account for (Baker et al., 2022). This approach compares
treatment effects dynamically across multiple periods, leveraging units with identical initial treatment levels as
controls, which allows for non-binary and non-absorbing treatment processes. We examine four key outcome vari-
ables: employment, sales, federal government contract awards, and financial health (Paydex score). The x-axis
represents time periods relative to the filing date of antitrust lawsuits (event time), with negative values indicat-
ing pre-treatment periods and positive values indicating post-treatment periods. The y-axis shows the average
treatment effect on the treated (ATT) for each outcome variable. The shaded areas represent 95% confidence
intervals. The patterns in pre-event periods provide insights into the validity of the parallel trends assumption
that underpins our causal interpretation, while post-event trajectories reveal the temporal dynamics of treatment
effects following antitrust enforcement.

(a) Log(Employment) (b) Log(Sales)

(c) Federal Government Awards (d) Paydex
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Figure 4.7: Stock Market Reactions to Antitrust Lawsuits

Figure 4.7 presents an event study analysis examining stock market reactions around antitrust lawsuit filing dates
to test whether these events are unexpected to investors and provide market-based validation of our empirical
approach. We analyze a sample of 196 publicly traded firms that operate within 6-digit NAICS codes affected by
antitrust enforcement but were not defendants themselves. For each firm, we calculate buy-and-hold abnormal
returns (BHAR) over a 21-day window surrounding the filing date (10 days before to 10 days after). The
BHAR methodology accounts for the difference between a firm’s actual return and its expected return based on
a market model estimated during a pre-event period, capturing the abnormal performance attributable to the
antitrust event. This approach aligns with the efficient market hypothesis (Fama, 1970), which suggests stock
prices incorporate all available information and rapidly adjust to new information that might affect future cash
flows. Under this framework, stock prices reflect the present value of expected future cash flows as shown in
Equation (4.3), and market reactions reveal investors’ expectations about how antitrust enforcement might affect
competitive dynamics and non-defendant firms’ future profitability. The x-axis represents trading days relative
to the filing date (day 0), while the y-axis shows cumulative BHAR in percentage terms. The solid line represents
the average BHAR across all firms, with dashed lines indicating 90% confidence intervals.
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Table 4.1: Summary Statistics: Establishment Level Database
Table 4.1 provides information on the main sample we use in our empirical analysis. It reports the summary
statistics of the variables in our establishment-level database. The period of analysis goes from 2001 to 2021.
Definitions of the variables are provided in Table 4.A1 in the Appendix. All continuous variables are winsorized
by year at the 1st and 99th percentiles.

Variables Count Mean SD p25 p75
Employment 1,678,543 70.888 372.100 3.000 40.000
Log(Employment) 1,678,543 2.477 1.714 1.099 3.689
Sales ($thousand) 1,678,543 15,812.024 135,943.546 262.500 6,000.020
Log(Sales) 1,678,543 7.215 2.111 5.570 8.700
Government Obligation ($thousand) 1,678,543 866.221 4,000.002 0.000 67.325
IHS Government Obligation 1,678,543 2.422 3.277 0.000 4.903
Paydex 1,197,437 72.572 8.931 69.500 79.500
Antitrust Lawsuit 1,678,543 0.136 0.343 0.000 0.000
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Table 4.2: The Determinants of Antitrust Lawsuits

Table 4.2 shows regression results from Equation (4.1). We use an indicator variable equal to one if the
product market has been exposed to an antitrust lawsuit as an outcome variable. Robust standard errors,
reported in parentheses below the coefficient estimates, are clustered at the product market level. ***, **, and
* indicate statistical significance at the 1%, 5%, and 10% levels, respectively. Definitions of the variables are
provided in Table 4.A1 in the Appendix.

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

Log(HHI) -0.006*** -0.001
(0.001) (0.001)

Log(Number of Firms) 0.004*** -0.001
(0.001) (0.001)

Log(Government Spending) 0.002*** -0.001
(0.000) (0.000)

Product Market FE No Yes No Yes No Yes
Year FE No Yes No Yes No Yes
Observations 23,636 23,618 23,636 23,618 23,636 23,618
R-squared 0.005 0.172 0.006 0.172 0.007 0.172



How Does Antitrust Enforcement Affect Corporations? 180

Table 4.3: Antitrust Lawsuits and Access to the Product Market

Table 4.3 shows regression results from Equation (4.2). We use the inverse hyperbolic sine transforma-
tion (IHS) of total government awards as an outcome variable. Robust standard errors, reported in parentheses
below the coefficient estimates, are clustered at the product market level. ***, **, and * indicate statistical
significance at the 1%, 5%, and 10% levels, respectively. Definitions of the variables are provided in Table 4.A1
in the Appendix.

(1) (2)
Variables IHS Government Contracts IHS Government Contracts

Antitrust lawsuit 0.260** 0.227**
(0.109) (0.092)

Establishment FE Yes Yes
Year FE Yes No
County-Year FE No Yes
Observations 1,678,543 1,678,543
R-squared 0.547 0.561
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Table 4.4: Antitrust Lawsuits and Non-Defendants Outcomes

Table 4.4 shows regression results from Equation (4.2), applying the same model to three different out-
come variables: Log(Employment), Log(Sales), and Paydex. These variables measure establishment size,
performance, and financial health, respectively. Robust standard errors, reported in parentheses below the
coefficient estimates, are clustered at the product market level. *, **, and *** indicate statistical significance
at the 10%, 5%, and 1% levels, respectively. Definitions of the variables are provided in Table 4.A1 in the
Appendix.

(1) (2) (3)
Variables Log(Employment) Log(Sales) Paydex

Antitrust Lawsuit 0.075*** 0.103*** -0.090
(0.024) (0.024) (0.142)

Establishment FE Yes Yes Yes
County-Year FE Yes Yes Yes
Observations 1,678,543 1,678,543 1,189,104
R-squared 0.935 0.943 0.525
Average Outcome 2.477 7.215 72.57
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Table 4.5: Market Share Loss for Defendant Establishments

Table 4.5 examines whether defendant establishments experience market exclusion following antitrust en-
forcement. To provide direct evidence of market exclusion mechanisms, we identify 174 unique establishments
that are government contractors and part of defendant firms. We compare their government contract dynamics
with those of establishments operating in product markets that have never been affected by antitrust lawsuits
using Equation (4.6). The Defendant Establishment variable captures the effect of antitrust lawsuits on
establishments belonging to firms found to have violated antitrust laws. Robust standard errors, reported in
parentheses below the coefficient estimates, are clustered at the product market level. *, **, and *** indicate
statistical significance at the 10%, 5%, and 1% levels, respectively. Definitions of the variables are provided in
Table 4.A1 in the Appendix.

(1) (2)
Variables IHS Government Contracts IHS Government Contracts

Defendant Establishment -0.949*** -0.964***
(0.280) (0.303)

Establishment FE Yes Yes
Year FE Yes No
County-Year FE No Yes
Observations 1,339,546 1,339,546
R-squared 0.535 0.551
Average Outcome 2.301 2.301
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Table 4.6: Industry-Level Effects of Antitrust Enforcement

Table 4.6 presents product market-level analysis examining how antitrust lawsuits affect market struc-
ture, concentration, government acquisition costs, and perceived fairness. We estimate Equation (4.7) using four
different outcome variables: the number of market participants (logarithm of unique firms), market concentration
(logarithm of HHI index), government procurement costs (average contract value), and perceived market fairness
(protest rate). This analysis complements our establishment-level findings by providing evidence on aggregate
market dynamics following antitrust enforcement. Robust standard errors, reported in parentheses below the
coefficient estimates, are clustered at the product market level. *, **, and *** indicate statistical significance
at the 10%, 5%, and 1% levels, respectively. Definitions of the variables are provided in Table 4.A1 in the
Appendix.

(1) (2) (3) (4)
Variables Log(# of Unique Firms) Log(HHI) Average Contract Value Protest Rate (%)

Antitrust lawsuit 0.303*** -0.148** -2.934 -0.121
(0.074) (0.070) (26.755) (0.155)

Product market FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Observations 23,610 23,610 23,610 14,078
R-squared 0.874 0.642 0.532 0.432
Average Outcome 3.816 7.616 159.2 0.402
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Table 4.7: Characteristics of Contract Winners Following Antitrust Enforcement

Table 4.7 examines how the characteristics of firms winning government contracts change following an-
titrust enforcement. We estimate Equation (4.8) using various establishment characteristics as dependent
variables, including size (employment and sales), financial health (Paydex), ownership structure (public status),
age, size classification, and minority ownership status. Each observation is a contract-establishment pair,
weighted by the natural logarithm of contract value to reflect economic significance. Robust standard errors,
reported in parentheses below the coefficient estimates, are clustered at the product market level. *, **, and
*** indicate statistical significance at the 10%, 5%, and 1% levels, respectively. Definitions of the variables are
provided in Table 4.A1 in the Appendix.

(1) (2) (3) (4) (5) (6) (7)
Variables Log(Emp.) Log(Sales) Paydex Public Age Small Minority

Antitrust lawsuit 0.192*** 0.192** 0.276 0.014 0.133 -0.015 -0.002
(0.065) (0.082) (0.212) (0.018) (0.204) (0.009) (0.007)

Product Market FE Yes Yes Yes Yes Yes Yes Yes
County × Year FE Yes Yes Yes Yes Yes Yes Yes
Observations 22,458,175 22,458,175 21,508,969 22,458,175 22,458,175 22,458,175 22,458,175
R-squared 0.557 0.591 0.477 0.709 0.646 0.354 0.410
Average Outcome 4.435 10.06 72.88 0.423 22.70 0.0804 0.0737
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Table 4.8: Effects of Antitrust Enforcement on Contract Structure

Table 4.8 examines whether antitrust enforcement affects government procurement costs through changes
in contract structure and renegotiation patterns. Following previous literature on government overspending
drivers (Bajari & Tadelis, 2001; Crocker & Reynolds, 1993), we investigate whether antitrust lawsuits impact
contract renegotiations (Column 1) and the use of fixed-price contracts (Column 2). Each observation is
weighted by contract value to reflect economic significance. Robust standard errors, reported in parentheses
below the coefficient estimates, are clustered at the product market level. *, **, and *** indicate statistical
significance at the 10%, 5%, and 1% levels, respectively. Definitions of the variables are provided in Table 4.A1
in the Appendix.

(1) (2)
Variables Renegotiation Fixed Price

Antitrust Lawsuit 0.095** 0.006
(0.042) (0.014)

Product Market FE Yes Yes
County × Year FE Yes Yes
Observations 22,458,175 22,458,175
R-squared 0.341 0.395
Average Outcome 1.303 0.973
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Table 4.A1: Variable Definition

Variable Definition Source
Establishment level variables
Antitrust Lawsuit An indicator equal to after the first antitrust lawsuits in a product

market.
Wolters Kluwer’s Vi-
talLaw & the Depart-
ment of Justice (DOJ)
Antitrust Division

Log(Employment) The natural logarithm of the number of employees in a given estab-
lishment and year.

NETS

Log(Sales) The natural logarithm of the dollar amount ($ thousand) of sales in
a given establishment and year.

NETS

Paydex A measure of the financial health of the establishment. It reflects the
establishment’s payment behavior, typically based on its history of
paying invoices on time. It is a numerical value that ranges between
0 and 100. A higher score indicates timely or early payments, while
lower scores suggest delays, signaling potential financial distress or
poor credit management.

NETS

Government Contracts The dollar amount ($ thousand) of federal obligation awarded to an
establishment in a given year.

USASpending

Age The difference between the year and the first year establishment was
active in the database.

NETS

Public An indicator variable equal to one if the establishment belong to a
public corporation.

NETS

Small An indicator variable equal to one if the establishment has less than
5 employees.

NETS

Minority An indicator variable equal to one if the establishment is minority
owned.

NETS

Women Owned An indicator variable equal to one if the establishment is owned by
a woman.

NETS

Industry level variables
# Unique Firms The number of different firms that won a procurement contract in

a product market (6-digit NAICS code) and year. When multiple
transactions are associated with a contract, we identify the main
transaction as the one with the highest transaction value.

USASpending

HHI HHI index in a product market (6-digit NAICS code) and year. It
measures the market concentration of firms in a product market.
When multiple transactions are associated with a contract, we iden-
tify the main transaction as the one with the highest transaction
value.

USASpending

Average Value The total dollar amount of government spending ($ million) in a
product market (6-digit NAICS code) and year divided by that total
number of contracts. When multiple transactions are associated
with a contract, we identify the main transaction as the one with
the highest transaction value.

USASpending

Contract level variables
Renegatation Contracts The average number of times a contract has been renegotiated, based

on the number of transactions.
USASpending

Competition The share of contracts that have been awarded under a competitive
bidding process. When multiple transactions are associated with
a contract, we identify the main transaction as the one with the
highest transaction value.

USASpending

Fixed price The share of contracts that have been awarded under a competitive
bidding process. When multiple transactions are associated with
a contract, we identify the main transaction as the one with the
highest transaction value.

USASpending



How Does Antitrust Enforcement Affect Corporations? 187

Table 4.A2: Normalized Differences Between Treatment and Control Groups

Table 4.A2 compares observable characteristics between treatment and control groups at the beginning
of the analyzed period to assess the validity of our identification strategy. Panel A reports industry-level charac-
teristics, while Panel B reports establishment-level characteristics. Normalized differences (ND) are calculated
following Imbens and Wooldridge (2009), with values within ±0.25 indicating similar distributions between
groups. As shown in Panel B, establishments in exposed and non-exposed product markets appear similar in
observable characteristics, though the markets themselves (Panel A) show some differences in concentration and
size. These market-level differences are accounted for by including fixed effects in our empirical specifications.

Panel A: Industry characteristics

Treated Untreated
Mean SD Mean SD ND

Log(HHI) 7.44 1.16 8.04 0.95 -0.40
Log(# firms) 3.54 1.72 2.48 1.36 0.48
Average Renegotiation 1.38 0.53 1.29 0.71 0.11
Competition 0.72 0.26 0.70 0.30 0.04
Average Contract Value 445,148.70 976,219.44 260,241.87 587,804.05 0.16
Share Fixed Price 0.84 0.26 0.90 0.20 -0.18

Panel B: Establishment characteristics

Treated Untreated
Mean SD Mean SD ND

Age 9.12 4.17 9.61 3.95 -0.09
Women Owned 0.21 0.40 0.17 0.38 0.06
Minority 0.16 0.37 0.09 0.29 0.15
Dummy Women 0.11 0.32 0.13 0.34 -0.04
Log(Employment) 2.69 1.59 2.77 1.71 -0.03
Log(Sales) 7.41 1.87 7.52 1.96 -0.04
Log(Productivity) 4.73 0.84 4.75 0.86 -0.02
Paydex 71.42 8.37 71.23 8.25 0.02
Federal obligation 161.66 720.83 83.00 502.21 0.09
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Table 4.A3: Propensity Score Matching

Table 4.A3 presents regression results using propensity score matching to address potential selection con-
cerns in our difference-in-differences approach. We match treated and untreated product markets based on
market size, concentration, and competitive structure using one-to-three (column 1) and one-to-five (column 2)
nearest-neighbor matching algorithms. This approach ensures that both industries and establishments in our
treatment and control groups are similar in terms of observable characteristics. Robust standard errors, reported
in parentheses below the coefficient estimates, are clustered at the product market level. *, **, and *** indicate
statistical significance at the 10%, 5%, and 1% levels, respectively. Definitions of the variables are provided in
Table 4.A1 in the Appendix.

(1) (2)
Variables IHS Government Contracts IHS Government Contracts

(1-to-3 Matching) (1-to-5 Matching)

Antitrust Lawsuits 0.179* 0.182*
(0.104) (0.102)

Establishment FE Yes Yes
County-Year FE Yes Yes
Observations 543,990 633,166
R-squared 0.575 0.576
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Table 4.A4: Alternative Clustering Approaches

Table 4.A4 shows regression results with various clustering approaches to validate the robustness of our
standard error estimates. Panel A presents results with single-level clustering, while Panel B shows results
with two-way clustering. Robust standard errors, reported in parentheses below the coefficient estimates, are
clustered at different levels as indicated in each column. *, **, and *** indicate statistical significance at the
10%, 5%, and 1% levels, respectively. Definitions of the variables are provided in Table 4.A1 in the Appendix.

Panel A: Alternative clustering

(1) (3) (5)
Variables IHS Government IHS Government IHS Government

Antitrust Lawsuits 0.227** 0.227*** 0.227***
(0.092) (0.021) (0.029)

Establishment FE Yes Yes Yes
County-Year FE Yes Yes Yes
SE Clustering PM Establ. County
Observations 1,678,543 1,678,543 1,678,543
R-squared 0.561 0.561 0.561

Panel B: Alternative double clustering

(2) (4) (6)
Variables IHS Government IHS Government IHS Government

Antitrust Lawsuits 0.227** 0.227*** 0.227***
(0.087) (0.026) (0.033)

Establishment FE Yes Yes Yes
County-Year FE Yes Yes Yes
SE Clustering PM and Year Establ. and Year County and Year
Observations 1,678,543 1,678,543 1,678,543
R-squared 0.561 0.561 0.561
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Table 4.A5: Alternative Government Awards Measures

Table 4.A5 presents regression results using different specifications of the government contract award
variable to test the robustness of our findings. We examine both level measures and inverse hyperbolic sine (IHS)
transformations, as well as multi-year averaging approaches. Robust standard errors, reported in parentheses
below the coefficient estimates, are clustered at the product market level. *, **, and *** indicate statistical
significance at the 10%, 5%, and 1% levels, respectively. Definitions of the variables are provided in Table 4.A1
in the Appendix.

Panel A: Baseline and single-period measures

(1) (2) (3)
Variables Baseline Level Level (3 years average)

Antitrust Lawsuit 0.227** 452.990*** 442.044***
(0.092) (118.916) (125.548)

Establishment FE Yes Yes Yes
County-Year FE Yes Yes Yes
Observations 1,678,543 1,678,543 1,422,945
R-squared 0.561 0.640 0.729
Average Outcome 2.422 866.2 986.9

Panel B: Multi-period average measures

(4) (5) (6)
Variables IHS (3 years average) Level (2 years average) IHS (2 years average)

Antitrust Lawsuit 0.191** 435.012*** 0.210**
(0.088) (120.344) (0.087)

Establishment FE Yes Yes Yes
County-Year FE Yes Yes Yes
Observations 1,422,945 1,549,440 1,549,440
R-squared 0.679 0.691 0.626
Average Outcome 3.142 938.3 2.843
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Table 4.A6: Controlling for Industry Trends

Table 4.A6 presents regression results with various controls for industry-specific and product market-
specific trends to address potential confounding factors. We include time-variant product market characteristics,
industry-by-year fixed effects, and product market-specific time trends. Robust standard errors, reported in
parentheses below the coefficient estimates, are clustered at the product market level. *, **, and *** indicate
statistical significance at the 10%, 5%, and 1% levels, respectively. Definitions of the variables are provided in
Table 4.A1 in the Appendix.

(1) (2) (3) (4)
Variables IHS Government IHS Government IHS Government IHS Government

Antitrust Lawsuit 0.213** 0.192** 0.240*** 0.240***
(0.086) (0.077) (0.089) (0.089)

Product Market Controls Yes
Industry × Year Yes
Product Market Linear Trend Yes Yes
Product Market Quadratic Trend Yes
Observations 1,456,591 1,678,543 1,678,543 1,678,543
R-squared 0.563 0.565 0.561 0.561
Average Outcome 2.484 2.422 2.422 2.422
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Table 4.A7: Spillover Effects of Antitrust Lawsuits

Table 4.A7 tests whether antitrust enforcement in one product market affects related markets through
competitive spillovers or resource reallocation. The variable ntitrust Lawsuit Spillover is a binary indicator equal
to one if the establishment operates in a broader 4-digit NAICS sector containing a product market exposed
to an antitrust lawsuit (but not in the specific 6-digit NAICS code directly affected). Robust standard errors,
reported in parentheses below the coefficient estimates, are clustered at the product market level. *, **, and
*** indicate statistical significance at the 10%, 5%, and 1% levels, respectively. Definitions of the variables are
provided in Table 4.A1 in the Appendix.

(1) (2)
Variables IHS Government Contracts IHS Government Contracts

Antitrust Lawsuit 0.250** 0.229***
(0.108) (0.094)

Antitrust Lawsuit Spillover -0.023 0.004
(0.070) (0.063)

Establishment FE Yes Yes
Year FE Yes Subsumed
County-Year FE No Yes
Observations 1,678,543 1,678,543
R-squared 0.547 0.561
Average Outcome 2.422 2.422
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Table 4.A8: Placebo Test: Non-Government Contractors

Table 4.A8 presents regression results from a placebo test using establishments that are not government
contractors but are located in the same counties and operate in the same product markets as our treatment
sample. This analysis tests whether the effects we identify are specific to government contractors or reflect
broader market dynamics affecting all establishments. We estimate our baseline specification with employment,
sales, and financial health as outcomes using this substantially larger sample of 185,158,511 establishment-year
observations. Robust standard errors, reported in parentheses below the coefficient estimates, are clustered
at the product market level. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels,
respectively. Definitions of the variables are provided in Table 4.A1 in the Appendix.

(1) (2) (3)
Variables Log(Employment) Log(Sales) Paydex

Antitrust Lawsuit 0.012 0.025 -0.277
(0.012) (0.029) (0.360)

Establishment FE Yes Yes Yes
County-Year FE Yes Yes Yes
Observations 185,463,304 185,158,511 39,273,724
R-squared 0.910 0.918 0.587
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Table 4.A9: Triple Difference-in-Differences Analysis

Table 4.A9 presents results from a triple difference-in-differences framework that compares government
contractors to non-government contractors operating in the same product markets and locations. This approach
includes both product market-by-year and county-by-year fixed effects, allowing us to control for time-varying
product market characteristics while isolating the differential effect of antitrust lawsuits on government
contractors. The main effects of Government Contractor and Antitrust Lawsuit variables are subsumed by
the establishment and product market-by-year fixed effects, respectively. Robust standard errors, reported in
parentheses below the coefficient estimates, are clustered at the product market level. *, **, and *** indicate
statistical significance at the 10%, 5%, and 1% levels, respectively. Definitions of the variables are provided in
Table 4.A1 in the Appendix.

(1) (2) (3)
Variables Paydex Log(Employment) Log(Sales)

Antitrust lawsuit × Government Contractor 1.598*** 0.181*** 0.307***
(0.155) (0.028) (0.037)

Establishment FE Yes Yes Yes
Product Market × Year FE Yes Yes Yes
County × Year FE Yes Yes Yes
Observations 40,483,362 187,162,559 186,845,138
R-squared 0.650 0.927 0.935
Average Outcome 71.895 0.890 12.023
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Table 4.A10: Antitrust Lawsuits Effects by Product Market Size

Table 4.A10 examines whether the effects of antitrust lawsuits vary with the size of the affected product
market. As suggested by Equation (4.4), the benefits of antitrust enforcement may be more significant when
the exposed market is larger. We test this hypothesis by dividing our sample based on the median size of the
procurement market, proxied by total government spending. Column (1) reports results for establishments in
larger markets (above median size), while column (2) shows results for those in smaller markets (below median
size). Robust standard errors, reported in parentheses below the coefficient estimates, are clustered at the
product market level. *, **, and *** indicate statistical significance at the 10%, 5%, and 1% levels, respectively.
Definitions of the variables are provided in Table 4.A1 in the Appendix.

(1) (2)
Variables IHS Government Contracts IHS Government Contracts

(Size Above the Median) (Size Below the Median)

Antitrust lawsuit 0.313*** -0.016
(0.103) (0.069)

Establishment FE Yes Yes
County-Year FE Yes Yes
Observations 716,893 716,000
R-squared 0.582 0.588
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Table 4.A11: Antitrust Lawsuits and Defendant Establishment Outcomes

Table 4.A11 examines how antitrust enforcement affects the performance of establishments belonging to
defendant firms. We estimate Equation (4.6) using three different outcome variables measuring establishment
size (Log(Employment)), performance (Log(Sales)), and financial health (Paydex). This analysis complements
our main findings on non-defendant establishments and helps quantify the market redistribution effects following
antitrust enforcement. Robust standard errors, reported in parentheses below the coefficient estimates, are
clustered at the product market level. *, **, and *** indicate statistical significance at the 10%, 5%, and 1%
levels, respectively. Definitions of the variables are provided in Table 4.A1 in the Appendix.

(1) (2) (3)
Variables Log(Employment) Log(Sales) Paydex

Antitrust Lawsuit -0.233*** -0.036 -0.530
(0.073) (0.090) (0.538)

Establishment FE Yes Yes Yes
County-Year FE Yes Yes Yes
Observations 1,339,546 1,339,546 934,124
R-squared 0.941 0.948 0.535
Average Outcome 2.444 7.165 72.51
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Figure 4.A1: Word Cloud of Government Procurement-Related Antitrust Cases

Figure 4.A1 presents textual analysis of government procurement-related antitrust lawsuits from 2001-2021, high-
lighting the frequency and prominence of specific terms in antitrust litigation. Term size corresponds to relative
frequency in the corpus. Panel (a) displays significant terms from case documents after removing common legal
terminology, stopwords, and generic business language. Panel (b) illustrates procurement-specific terminology
identified through large language model analysis of the same corpus. These visualizations provide intuitive insights
into the textual dimensions of our dataset and reveal prominent themes across government procurement-related
antitrust cases during the study period.

(a) Word Clouds of Antitrust Cases

(b) Procurement-Specific Words
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Figure 4.A3: Antitrust Lawsuits Geographical Distribution (Defendants & Court)

Figure 4.A3 illustrates the geographic distribution of government procurement-related antitrust lawsuits from
2001-2021. Panel (a) shows the location of courts where cases were filed, while Panel (b) displays the headquarters
locations of defendant firms.

By Court Location
Distribution of Court States for Antitrust Lawsuits (2001-2021)

Number of Cases
0 1-10 11-50 51-100 101+

(a) Antitrust Lawsuits Court Locations

By Defendants' Headquarter Location
Distribution of Government Procurement Related Antitrust Lawsuits (2001-2021)

Number of Cases
0 1-10 11-50 51-100 101+

(b) Defendant Headquarters
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Figure 4.A4: Parallel Trend Test

Figure 4.A4 reports the results of the sensitivity test proposed by Rambachan and Roth (2023) to test whether
the parallel trend assumption holds more formally. This procedure examines the extent to which our main results
remain robust against potential nonlinearities with varying magnitudes in the counterfactual trend. We calculate
95% confidence intervals for our main estimators under different assumptions of the value M, the upper limit for
the change between two consecutive periods in the slope of the underlying linear trend. A value of M equal to 0
on the x-axis corresponds with allowing for linear violations of parallel trends, while larger values of M allow for
more significant deviations from linearity. Left panels (a,c,e) show period-specific effects, while right panels (b,d,f)
display average treatment effects across post-treatment periods, providing a more comprehensive assessment of
the parallel trends assumption by focusing on aggregate impacts rather than individual time points.

(a) Log(Sales) (b) Log(Sales) Average Effects

(c) Log(Emp) (d) Log(Emp) Average Effects

(e) Federal Obligation (f) Federal Obligation Average Effects
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Figure 4.A5: Types of Antitrust Violations and Their Impact

Figure 4.A5 examines how different categories of antitrust violations affect market access outcomes. As re-
ported in Equation (4.4), we expect businesses in exposed product markets to benefit from antitrust lawsuits
primarily when colluding businesses lose market share. Panel (a) categorizes violations into two broad areas:
anti-competitive practices (including bid rigging, customer allocation, and price fixing) and fraud/corruption
(encompassing bribery, government fraud, mail fraud, wire fraud, tax evasion, money laundering, and obstruc-
tion of justice). Panel (b) presents coefficient estimates from Equation (4.2) for two categories of violations:
post event fraud corruption is a dummy variable equal to one for the period after an antitrust lawsuit involving
fraud or corruption violations, and post event other is a dummy variable equal to one for the period after antitrust
lawsuits involving other types of violations (primarily anti-competitive practices without fraud elements).

(a) Share of type of violations

post_event_fraud_corruption

post_event_other

-.2 0 .2 .4
Coefficient Estimate

Fraud/Corruption Cases Other Cases

By Type of Antitrust Violation
Impact on Federal Contract Obligations

(b) Heterogeneous impact
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Figure 4.A6: Dynamic Effects on Defendant Establishments’ Procurement

Figure 4.A6 displays the temporal pattern of how antitrust enforcement affects government contract awards to
defendant establishments over time. Using the Callaway and Sant’Anna (2021) estimator, we track the evolution of
federal contract obligations (measured using inverse hyperbolic sine transformation) for establishments belonging
to defendant firms relative to the filing date of antitrust lawsuits. The x-axis represents event time in periods
relative to the enforcement action, with negative values indicating pre-treatment periods and positive values
representing post-treatment periods. The y-axis shows the average treatment effect on the treated (ATT). The
shaded areas represent 95% confidence intervals. This dynamic analysis provides insights into both the magnitude
and persistence of market exclusion effects following antitrust enforcement.
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Figure 4.A7: Stock Market Reactions to Antitrust Lawsuits - Defendant Firms

Figure 4.A7 examines financial market reactions to antitrust enforcement actions through an event study analysis
of stock returns for defendant firms. The figure tracks buy-and-hold abnormal returns (BHAR) for 9 identified
publicly-traded defendant firms operating in product markets subject to antitrust enforcement. The analysis
centers on a 21-day window surrounding the filing date of antitrust lawsuits (from day -10 to day +10). The
BHAR methodology measures the difference between actual returns and expected returns based on a market
model, capturing the abnormal performance attributable to the antitrust event. The x-axis represents trading
days relative to the filing date (day 0), while the y-axis shows cumulative BHAR in percentage terms. The
solid line represents the average BHAR across the defendant firms, with dashed lines indicating 90% confidence
intervals.



Chapter 5

Conclusion

This thesis explores three novel dimensions of technology and competition in bank lending and
corporate finance. It contributes to our understanding of how technological expertise shapes fi-
nancial intermediation, how risk propagates through interconnected banking networks, and how
regulatory interventions affect market dynamics. This study contributes to the banking and cor-
porate finance literature by utilizing advanced empirical methods such as structural matching
models, graph neural networks, and large language models to examine some of the fundamental
questions pertaining to information asymmetry, specialized technological knowledge, and com-
petition in financial markets. Together, these studies show how value is created economically
through technological specialization, how network topologies transmit financial risk, and how
antitrust interventions restructure competitive environments, with far-reaching implications for
the efficiency of credit allocation, financial stability, and regulatory policy.

In the first study, we investigate whether banks develop specialized technical knowledge of cor-
porate innovation through their lending experience and how such knowledge affects the terms of
loan contracts. Using a large sample of U.S. syndicated loans from 1990 to 2020 combined with
patent information, we show that companies with technology profiles similar to those of a bank’s
past borrowers receive significantly cheaper loans. The results are robust to various specifica-
tions, including different industry classifications, different constructs of technological similarity,
controls for bank industry specialization, and a number of placebo tests. Moreover, we show
that technology similarity contains useful information regarding borrower creditworthiness. In
particular, banks lending more to borrowers with similar technologies have higher future returns
on assets and larger distances to default, indicating that technological specialization improves
bank performance. To identify causality, we use a structural model of bank-borrower matching
that shows how matching banks with borrowers of similar technological capabilities maximizes
economic surplus. We also use bank M&As as quasi-natural experiments that exogenously
increase banks’ technological expertise. Further analysis shows that the effect of technology
similarity on loan spreads is more pronounced for opaque borrowers with lower technological
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obsolescence, less risky firms, and smaller or capital-constrained banks. These findings con-
tribute to our understanding of loan pricing by showing that banks’ technological expertise
transcends traditional industry boundaries and represents a previously unexplored dimension
of bank specialization that influences credit allocation.

In the second study, we develop a novel AI-driven Co-Lending Graph Neural Network (CoLGNN)
model to capture the dynamics of risk spillovers in syndicated lending markets. Our approach
combines bank and loan characteristics with network topology to create a robust spillover risk
measure (CLN score) that predicts future bank risk and performance up to two years ahead.
Using quasi-natural experiments on credit rating downgrades and Lehman Brothers’ collapse,
we validate that risk indeed propagates through lending connections rather than through com-
mon exposures. The co-lending network risk score is an effective early warning indicator for
forecasting loan loss provisions, non-performing loans, and profitability. Specifically, our semi-
supervised learning framework enhances the risk monitoring capability for private banks that
are typically outside the scope of conventional market-based risk measurement methodologies.
Further, we demonstrate that risk transmission predominantly takes place through revolving
credit facilities, where lead arrangers have ongoing monitoring responsibilities. Our empirical
study demonstrates that the predictive power of our measure is especially pronounced for more
vulnerable banks that are smaller in size, with lower capital adequacy, and with greater organi-
zational complexity. In addition, our deep learning method significantly outperforms standard
network centrality metrics and accounting-based Z-scores, with the predictive power of the CLN
score remaining persistently significant even when including stock returns and bank-specific fixed
effects. By showing previously undisclosed banking vulnerabilities, our deep learning framework
provides regulators and market players with an effective early-warning system for spillover risk
management in highly interconnected banking systems.

In the third study, we measure the impact of antitrust enforcement on firm performance using
government procurement as a natural laboratory. We apply large language models to classify
antitrust procurement-related cases from 2001 to 2021 and employ difference-in-differences esti-
mates to study the impact of antitrust lawsuits on firms in the procurement sector. The results
indicate that non-defendant firms in affected product markets gain significantly improved ac-
cess to government contracts, grow their workforce, and increase their sales following antitrust
lawsuits. Public non-defendant firms also face higher stock market valuations, with investors
anticipating improved future performance. In contrast, defendant firms experience a signifi-
cant reduction in government contracts, reflecting a significant reallocation of market shares.
In product markets, we show increased entry and decreased concentration following antitrust
enforcement action, with the largest gains accruing to larger procurement markets and cases of
fraud, corruption, and bribery, in which defendant companies are excluded systematically. Con-
trary to the traditional argument that removing regulations on anti-competitive behavior would
primarily help small firms and new entrants, we find that larger, established firms capture most
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of the benefits, whereas smaller, financially constrained businesses struggle to gain a meaningful
market share in the newly competitive environment. Despite increased competition, government
procurement costs remain largely unchanged, possibly because more competitive bidding leads
to more costly contract renegotiation down the line. These findings offer important insights into
when and how antitrust enforcement most effectively reshapes market structures.

More broadly, this study advances the understanding of technological innovation, banking, mar-
ket competition, machine learning, finance, and government procurement. Through the applica-
tion of advanced techniques such as graph neural networks and combining large language models,
this study reveals the underlying mechanisms in the economy that are important to financial
markets and corporate performance. The first paper demonstrates how banks’ technological
specialization creates real economic value by minimizing information frictions and enhancing
the efficiency and availability of credit to innovative firms. The second study employs a deep
learning approach to capture new risk transmission channels in previously unknown lending
networks to equip regulators with advanced monitoring tools for private banks that have tra-
ditionally been beyond the reach of conventional risk model assessment frameworks. The third
study uses an ideal natural laboratory to analyze how antitrust enforcement transforms mar-
ket structures, revealing unanticipated patterns in the distribution of competitive advantages
after regulation. This thesis offers substantial practical value to various stakeholders in finan-
cial markets. For financial institutions and banking regulators, our findings on technological
specialization suggest potential mechanisms to alleviate the underfunding of innovative firms
by recognizing how specialized knowledge accumulation can improve screening efficiency, poten-
tially justifying targeted support during the initial adoption phases of emerging technologies.
For central banks and financial stability authorities, our deep learning framework for co-lending
networks provides an AI-driven approach to monitoring risk transmission and is particularly
valuable for detecting vulnerabilities for private banks. For antitrust authorities and procure-
ment agencies, our evidence on the distributional consequences of competition enforcement
reveals important market reallocation frictions that may necessitate complementary policies to
support smaller firms when implementing interventions in government procurement markets.
Overall, these empirical contributions advance both academic understanding and practical ap-
proaches to strengthen lending efficiency, risk management precision, and competitive market
functioning in an increasingly complex economic environment.

In summary, this study introduces several possible avenues for future research. First, the es-
tablished economic importance of technological specialization in bank lending motivates future
research on how traditional banks compete with emerging FinTech lenders, which can have dif-
ferent technological expertise. Extending our conceptual model and empirical results to explore
how banks adapt their technological expertise to FinTech competition could provide important
insights into the digital transformation of the banking industry. Meanwhile, future research
could investigate the degree to which bank specialization extends to other intangible assets
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and unpatented innovative activities, which are increasingly key drivers of firm value but are
difficult for lenders to assess. Second, our graph neural network approach opens the door to
studying the effects of regulatory interventions on risk transmission processes in financial net-
works and could be applied to other interconnected systems, such as digital payment systems.
Third, the antitrust results also call for further investigation into the potential crowding-out
effects of enforcement activity, particularly whether gains for some market participants come
at the expense of others in related markets. Furthermore, the intersection of three areas of
research—technological expertise, network risk transmission, and competitive market dynam-
ics—calls for exploration in the context of digital platforms and the entry of large technology
firms into financial services. Future research could shed light on how the unique technolog-
ical advantages of alternative data may alter competitive dynamics, shift risk transmission
channels, and require different regulatory approaches to support an increasingly interconnected
global capital market. The three empirical studies in this thesis provide important first steps in
these directions, establishing evidence on technological expertise in lending, network-based risk
transmission, and competition dynamics that future scholars can build upon.
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Internet Appendix for Chapter Two: A structural
matching model

A.1 A structural bank-borrower matching model

In this section, we present and estimate a structural model of bank-borrower matching building
on Fox (2017, 2018), Fox et al. (2018), and Schwert (2018) to show that the technology similarity
between a borrower and bank’s prior borrowers is a major determinant of the bank lending
decision that results in a bank-borrower match (i.e., loan origination). Specifically, we are
interested in how bank’s technology knowledge of the borrower, as measured by the similarity
measure at the time of loan origination, determines loan spread. However, we cannot observe
any counterfactual bank-borrower matching assignments so that we do not have the loan spread
a firm would pay if it borrowed from a different bank. The Fox (2018) model addresses this
challenge by modelling transfer payments (e.g., the loan spread a firm pays to the bank) as
unobservable in the equilibrium condition, and provides a way to estimate the model without
data on transfer payments. The model thus enables us to identify the drivers of observed bank-
borrower matching assignments in the absence of unobservable non-matching assignments.

In our context, applying the Fox (2018) model treats the observed bank-borrower matches
(loans) as outcomes to be explained by a latent match value function. Estimating the function
relies on the concept of pairwise stability in equilibrium, which states that neither the bank
nor the borrower in an existing match would see an advantage in dissolving their current match
in favor of matching with other firms or banks. Such pairwise stability condition leads to full
stability under substitutable preferences (Schwert, 2018).

Formally, let there be a space of loans Ω, Ψ ⊆ Ω the set of borrowing activities for firm f and
Φ ⊆ Ω the set of lending activities for bank b. Given a value function Vf (Ψ) for firm f , Vb(Φ)
for bank b and total transfer payment (e.g., interests, fees, and other benefits) rι for loan ι ∈ Ω,
the surplus for firm f borrowing loans Ψ is Vf (Ψ)−∑ι∈Ψ rι, and the surplus for bank b lending
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loans Φ is Vb(Φ) +∑ι∈Φ rι. Firm f and bank b search for Ψ and Φ, respectively, that maximize
their own surpluses.

Consider two actual bank-borrower matches (b1, f1) and (b2, f2). From the bank’s perspective,
the pairwise stability condition states that for each bank-borrower match, the bank lending to
the firm yields a higher value than to the other firm:

Vb(b1, f1) + r(b1, f1) ≥ Vb(b1, f2) + r(b2, f2) + [Vf (b1, f2)− Vf (b2, f2)]︸ ︷︷ ︸
maximum f2 would pay b1 to switch from b2

Vb(b2, f2) + r(b2, f2) ≥ Vb(b2, f1) + r(b1, f1) + [Vf (b2, f1)− Vf (b1, f1)]︸ ︷︷ ︸
maximum f1 would pay b2 to switch from b1

(A.A1)

Summing these pairwise stability conditions yields a condition without the transfer payments
r, which is unobservable for counterfactual matches (b1, f2) and (b2, f1):1

V (b1, f1) + V (b2, f2) ≥ V (b2, f1) + V (b1, f2) (A.A2)

where V = Vb + Vf , representing the total economic surplus for banks and borrowers (Schwert,
2018). Intuitively, such a condition implies that the actual matching assignments should lead to
higher total surplus than counterfactual matches.2 As a result, it shows that the value function
is driven by the match characteristics rather than factors specific to banks or borrowers. Because
the model considers all possible matching assignments, all bank and borrower characteristics
enter the inequality on both sides and are hence canceled out.

To estimate the model, we follow Fox (2018) and Schwert (2018) and parameterize V (b, f) as a
linear function:

V (b, f) = X ′
b×f θ + εb,f (A.A3)

where Xb×f represents the vector of bank-borrower match characteristics. The objective function
for estimating the parameter vector θ developed by Fox (2018) is the sum of the indicators of all
pairwise matching maximum score inequality (i.e., Equation A.A2), which takes the following
form with the linear parameterization of V (b, f):

L(θ) =
T∑

t=1

∑
(bm,fn)∈Gt

1[X ′
b1×f1θ + X ′

b2×f2θ ≥ X ′
b1×f2θ + X ′

b2×f1θ] (A.A4)

1The inequality condition in Equation A.A2 is at the core of Fox (2017) and Schwert (2018). Counterfactual
bank-borrower matches (loans) have no observable transfer payments like loan spreads. If transfer payments
remain in the inequality condition, the model cannot be estimated.

2Noticeably, the model uses a subset of all possible matching cases as it excludes counterfactuals such as a
bank lending to both firms. However, Bajari et al. (2007) and Fox (2007) show that parameter estimates are
consistent as long as more valuable matches are more likely to occur.
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where Gt denotes the set of all possible pairwise matching assignments, factual and counter-
factual, in year t.3 Following Schwert (2018), we restrict the samples to the loans with only
one lead bank to avoid many-to-many matching complications.4 Intuitively, maximizing the
objective function aims to find the parameter θ that yields the higher occurrence of observed
factual matching assignments. We solve for the maximum score estimator θ using the Particle
Swarm Optimization (PSO).5

We note that the bank-borrower match characteristics Xb×f are observable even for counter-
factual matching assignments. For example, assuming that bank A never lends to firm B, the
counterfactual A-B match characteristics such as their geographical distance, the technology
similarity (between firm B and bank A’s prior borrowers) are still known. However, loan char-
acteristics unobservable for counterfactual matches are necessarily excluded.6 Following Schwert
(2018), our match characteristic vector consists of a series of bank-borrower joint characteris-
tics, including the borrower’s bank-dependence, the bank-borrower geographical distance, prior
lending relationship and the interactions of characteristics of the bank and the borrower. More
importantly, we include the borrower’s technology similarity with the bank’s prior borrowers,
and additionally, the borrower product market rivalry effect using the Hoberg and Phillips
(2016) Herfindahl-Hirschman Index.

Table A.A1 presents the semi-parametric matching results and the point estimation of parameter
vector θ. Given that the p-value is not obtainable in the parameter estimation of such an
inequity condition, we compute confidence intervals following the Schwert (2018) bootstrapping
method. The positive coefficients of technology similarity across all model specifications indicate
that more value is generated by matching banks and borrowers with technology profiles that
are similar to the banks’ prior borrowers. Consistent with Schwert (2018), we find that well-
capitalized banks are more likely to match with bank-dependent firms and that banks and firms
located closer to each other or have prior lending relationships are also more likely to match.
Similarly, we document a positive assortative matching by size, albeit statistically insignificant,
possibly due to the reduced sample size as a result of requiring patent data. We further find

3Consistent with Schwert (2018), we consider each year as a separate market in which we construct counterfac-
tual matches. Specifically, within a calendar year. More specifically, counterfactual matches are those bank-firm
pairs that do not have a loan in the year.

4Schwert (2018) argue that many-to-many matching estimators are complicated to interpret in the case of
bank-firm joint characteristics. He shows that all common panel multivariate regressions provide similar results
for the sub-sample with only one lead arranger. Fox (2007) provide the theoretical foundation that maximum
score estimators are consistent with the sub-sample analysis.

5The PSO method (Eberhart & Kennedy, 1995) uses a population (Swarm) of possible solutions (Particles),
where possible solutions move around the search space guided by their own best-known positions as well as the
whole population’s optimal position (Bonyadi & Michalewicz, 2017). According to Fox (2018), the differential
evolution (DE) method is an alternative option for solving the Equation A.A4. A comparison between PSO and
DE could be found in Das et al. (2008). PSO does not use the gradient of the objective function and is less likely
to end in a locally optimal point via searching a large space of candidate solutions, which is helpful in our setting
with a large-size counterfactual matching sample. We appreciate the Mathematica code provided by Jeremy Fox.

6For example, we cannot observe the spread of a loan that never exists and would have to derive a pricing
function should we attempt to include such loan characteristics into Xb×f .
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Table A.A1: Structural Bank-Borrower Matching Model Estimation

Table A.A1 shows the result of the semi-parametric bank-borrower matching model following the Fox
(2018) framework. We follow Schwert (2018) to create a series of bank-firm joint characteristics. The key
variable of interest is borrowers’ technology similarity. Technology similarity measurement is specific at the
lender-borrower level each year (or each independent market in our semi-parametric matching setting). Following
Abrevaya and Huang (2005), we define the significance of the point estimate using the 95% confidence interval
which is generated by drawing 1,000 sub-samples with replacement. We present 95% confidence interval in
parentheses below the corresponding coefficient with statistical significance denoted as follows: ** (if the point
estimate is within the 95 % confidence interval).

Point Estimation of the Parametric Vector
(1) (2) (3) (4) (5)

Technology Similarity 7.972∗∗ 7.990∗∗ 7.881∗∗ 4.239∗∗ 4.081∗∗

[7.042, 12.374] [7.068, 16.250] [6.909, 16.091] [1.593, 9.634] [1.363, 7.822]
Borrower Bank-Dependent × Bank Capital 5.249∗∗ 4.839∗∗ 8.089∗∗ 9.442∗∗ 8.100∗∗

[3.068, 11.120] [7.749, 11.651] [7.211, 15.965] [9.323, 18.368] [7.228, 13.861]
ln(Geographic Distance) -3.281∗∗ -5.014∗∗ -6.952∗∗ -3.673∗∗

[-4.267, -0.196] [-6.370, -2.725] [-9.587, -5.552] [-4.530, -0.768]
Borrower Size × Bank Size -0.150 -0.243∗∗ 0.227 -0.094

[-2.591, 0.242] [-1.573, 0.040] [-1.946, 0.915] [-0.955, 0.153]
Borrower Product Market HHI × Bank Size 5.615∗∗ 3.436∗∗ 6.962∗∗ 2.205

[3.602, 11.430] [0.422, 6.770] [5.914, 12.185] [-0.819, 5.557]
Borrower In Bank Top Industries 1.115∗∗ 1.003∗∗ 4.559∗∗ 3.823∗∗

[1.032, 4.759] [0.989, 6.055] [4.312, 9.784] [3.329, 7.517]
Prior Relationship 3.567∗∗ 5.627∗∗ 6.443∗∗ 7.467∗∗ 9.302∗∗

[0.614, 5.076] [3.619, 7.376] [4.810, 9.169] [6.304, 10.615] [8.982, 13.489]
Number of Inequalities 616,542 616,542 616,542 616,542 616,542
Satisfied Inequalities 0.99 0.99 0.98 0.96 0.96

that borrowers with more market power tend to match with larger or well-capitalized banks.
Statistically, the fit of the model is excellent with over 96% of pairwise stability conditions
satisfied by our estimated parameters, which is comparable to or better than the fit reported
by Schwert (2018) and other earlier papers.7

Overall, our estimation of the bank-borrower matching model suggests an equilibrium market
outcome where the total economic surplus for banks and borrower firms can be enhanced by
matching banks with firms sharing similar technology profiles with banks’ prior borrowers. This
result provides strong evidence supporting our Hypothesis 1 that the borrower’s technology
similarity with bank’s prior borrowers is informative and a significant factor in the bank’s
lending decision-making process.

7Schwert (2018) reports a fit of model where over 90% of pairwise stability conditions satisfied.
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B.1 Co-Lending Graph Neural Network (CoLGNN) Details

B.1.1 From Message-Passing to Mapping Risk Spillover

Conventional econometric methods are not effective in capturing the rich topological informa-
tion inherent in financial networks. Network centrality measures are frequently used to analyze
the role of focal entities in networks (e.g., El-Khatib et al., 2015; Richmond, 2019; Rossi et al.,
2018). However, these approaches may not be able to fully capture the multidimensional rela-
tionships and dynamic interactions that characterize complex financial systems. Similarly, tra-
ditional deep learning (DL) frameworks, while effective at handling high-dimensional datasets,
are primarily designed for Euclidean data structures. For instance, convolutional neural net-
works (CNNs) use hidden layers to identify spatially localized features, but they are limited
to fixed-dimension data, requiring feature engineering to incorporate network structures. This
adaptation can be challenging as it demands embedding representations that approximate net-
work structure.

To address these challenges, we introduce the Co-Lending Graph Neural Network frame-
work (CoLGNN), a customized deep learning framework built on Graph Neural Networks
(GNNs), which have emerged as a powerful class of methods for handling graph-structured
data. GNNs apply optimizable transformations across all graph components—nodes, edges,
and global contexts—enabling the model to learn intricate patterns directly from the graph’s
structure. Recent advancements in GNN-related methods exhibit significant out-performance
in a wide range of tasks such as node classification, link prediction, and clustering (Bronstein
et al., 2017; Wu et al., 2020; Xu et al., 2019). GNN captures the locality of each node, aggre-
gates the neighborhood information, and stacks multiple layers to estimate the coefficient and
perform prediction tasks.
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CoLGNN is specifically tailored to study risk dynamics in co-lending networks as defined in
Section 3.3.1. It employs a message-passing mechanism, which iteratively aggregates infor-
mation from each node’s neighbors, allowing the model to learn and adapt to the topological
characteristics unique to co-lending structures.

Message-Passing Paradigm: The Message-Passing paradigm follows a multi-layer scheme of
updating node representations based on neighborhood aggregation. Let h(l)

i represent node i’s
embedding at the l-th layer. The Message-Passing scheme is defined as:

h(l)
i = UP

(
h(l−1)

i , AGGR({h(l−1)
j : j ∈ N (i)})

)
, (B.A1)

where the UP(·) and AGGR(·) are aggregation function and update function, respectively
(Hamilton et al., 2017). Starting from initial node features H(0) = X 1, CoLGNN learns
neighbor-aggregated representations H after multiple layers, effectively capturing how risk sig-
nals propagate through the network.2

The message-passing mechanism in GNNs is particularly well-suited for modeling risk spillover,
as it mimics how risk spreads from lead arrangers to other banks within a co-lending network. In
syndicated lending markets, lead arrangers—responsible for loan origination, due diligence, and
monitoring—not only allocate lending shares but also potentially transmit risks to participant
banks. Through message-passing, information (or “messages”) about a lead bank’s risk level
is iteratively propagated along directed edges to other banks. Each message encapsulates data
on risk characteristics, enabling the model to aggregate and refine risk signals across the net-
work. This iterative process effectively captures the diffusion of risk throughout the syndicate,
accounting for both direct and indirect transmission pathways.

B.1.2 CoLGNN Framework

To model risk spillover in the co-lending network, we propose the Co-Lending Graph Neural
Network framework (CoLGNN), which includes a directional diffusion convolution with edge
consideration. To capture the diffusion process of risk across the co-lending network, we utilize
the graph diffusion convolution operation first introduced by Li et al. (2017). The directional
diffusion convolution over the l-th layer graph embedding H(l) is defined as:

H(l) =
K−1∑
k=0

(
Ãk

outH(l−1)Wk,1 + Ãk
inH(l−1)Wk,2

)
, (B.A2)

1X =
[
xi ∈ RF : i = 1, ..., n

]
2H(l) =

[
h(l)

i ∈ RD : i = 1, ..., n
]

for l ∈ {1, . . . , L}
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where K represents the diffusion step, Ãout = D−1
outA and Ãin = D−1

in A⊤, where A ∈ Rn×n

and Dout/in ∈ Rn×n are graph adjacency matrix and out/in degree matrix respectively, and
Wk,out/in are trainable weights for out/in flow components. In particular, the Ãout/in are dual
state transition matrices, particularly in the context of a random walk on the graph. This
matrix represents the probabilities of risk transmission moving out/in from one node to another
in a one-step random walk.3

Edge (loan) attributes in co-lending networks carry significant implications for banks’ risk dy-
namics.4 Therefore, we incorporate both numerical and categorical loan features as edge at-
tributions ei,t. Categorical attributes are represented through one-hot vector encoding. For
multiple co-lending relationships between two nodes within a co-lending network, we employ
loan amount weighted averages to consolidate edge attributes between nodes and modify the
graph diffusion propagation scheme of Equation (B.A2) by merged edge attributions.

Consider node i on the graph, with Nout(i) and Nin(i) denoting the out and in direction neigh-
bors of node i, respectively. From the node features H(l−1) on the (l − 1)-layer, we define the
following node-wise edge attribution merging scheme:

h̃(l−1)
out,i = h(l−1)

i +
∑

j∈Nout(i)
ReLU(h(l−1)

j + ei,jW);

h̃(l−1)
in,i = h(l−1)

i +
∑

r∈Nin(i)
ReLU(h(l−1)

r + er,iW).
(B.A3)

In this scheme, we merge two directions’ edge attributions into the node features from layer (l−1)
to become two directions’ edge augmented node features h̃i,out and h̃i,in. We use the rectified
linear unit (ReLU) as the activation function to introduce the non-linearity and sparsity. We
leverage edge-augmented features to give diffusion graph convolution the capability for capturing
edge information. To align with the message-passing paradigm, the new edge-augmented graph
diffusion convolution can be expressed by the node-wise representation as:

h(l)
i =

K−1∑
k=0

(∑
i

ãk
out,i h̃(l−1)

out,i Wk,out +
∑

i

ãk
in,i h̃(l−1)

in,i Wk,in

)
, (B.A4)

where ãout/in,i = 1/dout/in,i are out/in direction transition probability, with dout/in,i = Dout/in,ii.
In both schemes (B.A3) and (B.A4), the weight matrices W, Wk,in and Wk,in are layer depen-
dent. For simplicity, we omit the layer index l in the notation.

3Under the directional convolution framework, the risk spread-over process is considered to occur in two
different transition states, reflecting both the leading and participating roles of banks in the syndicated loan
market. These two transition matrices are designed to capture distinct patterns.

4Incorporating loan features as edge attributes is supported by existing research on lending, which identi-
fies various loan characteristics related to bank risks, such as the syndicated structure (Ivashina, 2009), loan
concentration (Gao et al., 2023), and loan covenants (Demiroglu & James, 2010).
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We measure the bank-level CLN score using the output from the last layer of CoLGNN. For
bank i in a given co-lending network Gt, the CLN score is estimated as:

CLN scorei = σ

(
K−1∑
k=0

(∑
i

ãk
out,i h̃(L)

out,iWk,out +
∑

i

ãk
in,i h̃(L)

in,iWk,in

))
(B.A5)

where σ(·) represents the sigmoid activation function. The terms ãk
out,i and ãk

in,i are the out/in
direction transition probabilities for bank i, while h̃(L)

out,i and h̃(L)
in,i represent the edge-augmented

node features from the final layer L of the network. These edge-augmented features incor-
porate both bank characteristics (node attributes) and loan relationship characteristics (edge
attributes), enabling the model to capture the risk transmission through syndicated loan rela-
tionships. This calculation is performed for each bank within each network, yielding a vector of
risk scores across all banks. By applying this procedure to each quarterly co-lending network
Gt, we obtain the time series of CLN scores, denoted as CLN scorei,t for bank i at year-quarter
t.

B.1.3 Estimating Bank Co-Lending Network Risk

The CLN score is estimated using the CoLGNN framework in Section B.1.2 on a rich sample
of bank characteristics from Form FR Y-9C and loan features from Dealscan. This appendix
details our semi-supervised estimation process. As shown in stage 1 of Figure 3.1, we calculate
the quarterly buy-and-hold returns for all public banks. Banks are classified according to their
performance, labeled as “safe” and “risky”.5 The remaining public banks and all private banks
are treated as unlabeled samples.

Stage 2 of Figure 3.1 displays the design of co-lending network. For each year-quarter t, we
construct a co-lending network using syndicated loans originated in the past five years (20
quarters) from t − 1 to t − 20. For example, the co-lending network Gt=1996Q1 includes the
syndicated loan originated from 1991Q1 to 1995Q4. In total, we construct 100 co-lending
networks (G = {Gt=1996Q1, ..., Gt=2020Q4}). Each co-lending network is an attributed graph
Gt = (V, E , X, E) where V = {v1, . . . , v|V|} is the set of bank holding companies (nodes), and X
are the bank characteristics at year-quarter t−1. E ⊂ V×V is the set of co-lending relationships
(edges). Each edge ei,j ∈ E is the directed edge points from bank i to bank j. E utilize the loan
characteristics on the origination date. We aggregate multiple co-lending relationships between
two banks within the rolling window into one co-lending relationship. The summary statistics
of our co-lending network series are shown in Table B.A1.

5The classification is tested for robustness ranging from 20% to 40%, as detailed in the Supplementary Mate-
rials.



Internet Appendix for Chapter Three: Additional Technical Details 216

Next, we implement the CoLGNN model separately for each co-lending network Gt. Figure 3.2
illustrates the framework of the graph diffusion convolution module in CoLGNN. As shown in
Section 3.1 of Figure 3.2, we include the common bank characteristics from FR Y9-C as the
node features and high-dimensional edge characteristics from DealScan. Both numerical and
categorical data types are utilized. For categorical features, we apply one-hot vector encoding to
transform attributes such as ’Seniority Type’, ’Primary Purpose’, and ’Repayment Type’ into
numerical vectors. When multiple co-lending relationships exist within the specified time win-
dow, we combine these by calculating the loan amount weighted average of individual features
from each loan. Since the graph neural network framework requires complete feature matrices
without missing values, we fill missing features appropriately: numerical variables are filled with
mean or zero, and categorical variables are filled with “No” or “unknown”.6 7

We employ a semi-supervised learning framework to leverage the available stock market data
from public banks to infer risk dynamics in private banks, which typically lack transparent
financial data. We transform the risk estimation into a binary node classification task, labelling
the safe group as risky group as Yi,t = 0 and the risky group as Yi,t = 1, with remaining banks
unlabeled (Yi,t = NaN). For model training, we split the labeled data into training, validation,
and testing subsets in proportions of 70%, 20%, and 10%, respectively.

The training is executed over 200 epochs, employing an Adam optimizer with a learning rate and
weight decay as specified in the model configuration. This optimizer is known for its effective
handling of sparse gradients and adaptive learning rate adjustments. We also incorporate a
learning rate scheduler to adjust the learning rate based on the validation loss, enhancing
model convergence. Our CoLGNN model architecture includes two diffusion graph convolution
modules, with each node passing through two layers of diffusion graph convolution. These
layers are designed to incorporate both node features and edge attributes effectively, allowing
the model to capture complex dependencies in the data:

6We fill the numerical variables with either mean or zero and categorical variables with either category “No”
or category “unknown”, according to the nature of variable characteristics. 1) We fill in zero for variables such
as “All in Spread Undrawn”, “Assignment Minimum”, variables related to fees, variables related to participation
structures, etc. 2) We fill the loan-amount-weighted mean for the variables such as “All In Spread Drawn bps”,
“Maturity”, etc. 3) We fill the category “No” for variables such as “Secured Type”, “Collateral Type”, “Secondary
Purpose”, etc. 4) We fill the category “unknown” for variables such as “Distribution Method”, “Tranche Type”,
“Repayment Type”, etc.

7To drop the redundant categories and maintain a clear feature importance illustration, we aggregate re-
lated loan features from DealScan while preserving their information content. Our aggregation approach follows
established syndicated loan market conventions: (1) We consolidate revolving credit facilities into a single “Re-
volver” indicator; (2) We distinguish between “Term Loan A” (typically held by banks) and “Institutional Term
Loan” (Term Loans B through K, typically held by non-bank institutional investors) to reflect their distinct
risk characteristics and monitoring intensity; (3) We group specialized facilities by economic function, including
“Letter of Credit” facilities, “Acquisition Bridge” facilities, “Capex Construction” facilities, “Liquidity” facilities,
and “Multi-Option” facilities; (4) We organize loan seniority into four meaningful categories: Senior Secured,
Senior Unsecured, Subordinated, and Mezzanine, reflecting the debt priority structure; and (5) We consolidate
distribution methods into Club Deal, General Syndication, and Undisclosed categories. To enhance economic
interpretation, we use common generic categories (e.g., general purpose loans) as reference categories.
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1. Initial Feature Transformation: Each node feature vector undergoes a transforma-
tion via the first diffusion graph convolution layer, which integrates incoming features
from connected nodes, applying a Rectified Linear Unit (ReLU) activation and dropout
regularization to prevent overfitting.

2. Feature Aggregation and Classification: The transformed features are then processed
through a second diffusion graph convolution layer, aggregating further neighborhood
information and passing through a softmax function to yield a two-dimensional output
vector per node. This vector represents the probability of each bank being “safe” or
“risky”.

The highest performing model is selected based on the combined accuracy across the training and
validation sets, ensuring the model not only fits well to the training data but also generalizes
effectively to unseen data. The CoLGNN model’s output is a two-dimensional probability
vector showing the probability associated with the “risky” classification. We use the probability
associated with the “risky” class as the estimated bank CLN score. Overall, by iterating through
200 epochs, the model dynamically adjusts its weights and biases to minimize prediction errors,
refining its ability to distinguish between “safe” and “risky” banks based on their embedded
features and topological structure within the co-lending network.

Algorithm 1: CoLGNN module
input : Graph G(E ,V); node features {xi,∀i ∈ V}; edge features {eij , ∀ij ∈ E};

out/in transition probabilities {ãout/in,i,∀i ∈ V}; layers L; random-walk depth K;
weight matrices W; activation ReLU(·); sigmoid activation σ(·)

h(0)
i ← xi, ∀i ∈ V;

for l = 1, . . . , L do
for i ∈ V do

h̃(l−1)
out,i ← h(l−1)

i +∑
j∈Nout(i) ReLU(h(l−1)

j + ei,jW);
; // Edge fusion (out)

h̃(l−1)
in,i ← h(l−1)

i +∑
r∈Nin(i) ReLU(h(l−1)

r + er,iW);
; // Edge fusion (in)

h(l)
i ←

∑K−1
k=0

(∑
i ãk

out,i h̃(l−1)
out,i Wk,out +∑

i ãk
in,i h̃(l−1)

in,i Wk,in

)
;

; // Diffusion conv
end

end
CLN scorei ← σ(h(L)

i );
output: CLN scorei,∀i ∈ V

B.1.4 Model Hyperparameter and Robustness

Our CoLGNN model employs a fixed set of hyperparameters across all rolling-window co-lending
networks. Unlike machine learning models that tune hyperparameters to optimize performance
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for each specific dataset or sample period, we intentionally maintain the same configuration
throughout the full sample period. This design choice shows that our results are driven by the
underlying economic structure of co-lending relationships, rather than by statistical overfitting
or period-specific optimization. The complete hyperparameter definition is as follows:

Parameter Value Description

Architecture Parameters
Diffusion steps (K) 2 Number of graph convolution hops capturing risk propagation depth
Hidden channels 12 Dimension of hidden node representations
Output classes 2 Binary classification (safe/risky)
Epsilon (ϵ) 0.01 Numerical stability parameter for graph normalization

Training Parameters
Learning rate 0.01 Adam optimizer step size
Weight decay 0.001 L2 regularization parameter to prevent overfitting
Dropout ratio 0.1 Dropout probability for additional regularization
Epochs 200 Number of complete passes through training data per quarterly network
Optimizer Adam Adaptive moment estimation optimizer

Data Processing
Scaler type StandardScaler Feature normalization method (zero mean, unit variance)

The main findings of our study are robust to a range of commonly used hyperparameter values,
including hidden channels (8, 10, 12), diffusion steps (1, 2, 3), and learning rates (0.001, 0.01,
0.1). The untabulated results show that, in all configurations, the predictive performance of
the CLN score remains qualitatively consistent. This robustness, together with our use of fixed
parameters throughout the sample period, supports the view that the CoLGNN model effectively
captures network-based risk spillovers in syndicated lending, rather than simply fitting noise or
adapting to specific market conditions.
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Table B.A1: Directed Bank Co-Lending Networks (1991-2020)

Table B.A1 presents the summary statistics of bank co-lending networks from 1991Q1 to 2020Q4.

1991-2000 2001-2010 2011-2020
Time Frame Nodes Edges Time Frame Nodes Edges Time Frame Nodes Edges

1991Q1-1995Q4 77 530 2001Q1-2005Q4 164 1306 2011Q1-2015Q4 179 2279
1991Q2-1996Q1 80 543 2001Q2-2006Q1 164 1313 2011Q2-2016Q1 179 2300
1991Q3-1996Q2 81 587 2001Q3-2006Q2 162 1329 2011Q3-2016Q2 178 2296
1991Q4-1996Q3 80 596 2001Q4-2006Q3 163 1347 2011Q4-2016Q3 189 2485
1992Q1-1996Q4 81 631 2002Q1-2006Q4 165 1366 2012Q1-2016Q4 189 2574
1992Q2-1997Q1 84 657 2002Q2-2007Q1 167 1380 2012Q2-2017Q1 187 2625
1992Q3-1997Q2 85 707 2002Q3-2007Q2 167 1392 2012Q3-2017Q2 189 2764
1992Q4-1997Q3 86 730 2002Q4-2007Q3 169 1433 2012Q4-2017Q3 186 2790
1993Q1-1997Q4 87 751 2003Q1-2007Q4 170 1450 2013Q1-2017Q4 187 2838
1993Q2-1998Q1 85 734 2003Q2-2008Q1 171 1465 2013Q2-2018Q1 186 2859
1993Q3-1998Q2 84 760 2003Q3-2008Q2 172 1473 2013Q3-2018Q2 182 2925
1993Q4-1998Q3 87 780 2003Q4-2008Q3 173 1474 2013Q4-2018Q3 181 2945
1994Q1-1998Q4 91 811 2004Q1-2008Q4 171 1457 2014Q1-2018Q4 181 2999
1994Q2-1999Q1 98 861 2004Q2-2009Q1 171 1443 2014Q2-2019Q1 180 3059
1994Q3-1999Q2 106 973 2004Q3-2009Q2 171 1461 2014Q3-2019Q2 179 3092
1994Q4-1999Q3 112 1031 2004Q4-2009Q3 168 1466 2014Q4-2019Q3 178 3128
1995Q1-1999Q4 116 1095 2005Q1-2009Q4 165 1476 2015Q1-2019Q4 175 3164
1995Q2-2000Q1 118 1121 2005Q2-2010Q1 160 1458 2015Q2-2020Q1 174 3149
1995Q3-2000Q2 122 1187 2005Q3-2010Q2 157 1495 2015Q3-2020Q2 171 3111
1995Q4-2000Q3 121 1212 2005Q4-2010Q3 157 1494 2015Q4-2020Q3 170 3072
1996Q1-2000Q4 122 1223 2006Q1-2010Q4 158 1563 2016Q1-2020Q4 166 3028
1996Q2-2001Q1 124 1222 2006Q2-2011Q1 156 1576
1996Q3-2001Q2 126 1233 2006Q3-2011Q2 150 1609
1996Q4-2001Q3 127 1231 2006Q4-2011Q3 149 1615
1997Q1-2001Q4 126 1242 2007Q1-2011Q4 145 1619
1997Q2-2002Q1 124 1219 2007Q2-2012Q1 150 1618
1997Q3-2002Q2 126 1202 2007Q3-2012Q2 154 1689
1997Q4-2002Q3 135 1194 2007Q4-2012Q3 154 1725
1998Q1-2002Q4 132 1210 2008Q1-2012Q4 156 1757
1998Q2-2003Q1 140 1235 2008Q2-2013Q1 157 1789
1998Q3-2003Q2 142 1244 2008Q3-2013Q2 155 1786
1998Q4-2003Q3 148 1264 2008Q4-2013Q3 159 1838
1999Q1-2003Q4 148 1268 2009Q1-2013Q4 160 1903
1999Q2-2004Q1 151 1270 2009Q2-2014Q1 160 1952
1999Q3-2004Q2 152 1247 2009Q3-2014Q2 162 2009
1999Q4-2004Q3 156 1208 2009Q4-2014Q3 168 2073
2000Q1-2004Q4 158 1257 2010Q1-2014Q4 171 2095
2000Q2-2005Q1 161 1244 2010Q2-2015Q1 173 2127
2000Q3-2005Q2 162 1289 2010Q3-2015Q2 174 2154
2000Q4-2005Q3 164 1284 2010Q4-2015Q3 178 2240
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B.2 Network Centrality in the Bank Co-Lending Network

Traditional measures such as eigenvector centrality, closeness centrality, and eigenvector central-
ity do not account for the directionality of relationships, which is crucial in co-lending networks.
To address this, we calculate both in-degree and out-degree versions of centrality measures. In
the syndicated loan market, high in-degree centrality indicates a bank that frequently partici-
pates in loans arranged by others. Such banks may be more exposed to risks originating from
multiple lead arrangers but may also benefit from diversification. High out-degree centrality
suggests a bank that often acts as a lead arranger, initiating and structuring syndicated loans.
These banks may have more control over loan terms but also bear greater responsibility for due
diligence and potentially higher reputational risk.

Table B.A2: Summary Statistics of Bank-level Network Centrality

Table B.A2 presents the summary statistics bank-level directed network centrality at year-quarter level
for each bank.

Observations Mean 10th Percentile Median 90th Percentile Standard Deviation
Bank-level Samples
In-degree centrality 11688 0.080 0.006 0.044 0.215 0.082
Out-degree centrality 11688 0.084 0.000 0.000 0.335 0.153
Closeness centrality (in) 11688 0.209 0.155 0.201 0.276 0.047
Closeness centrality (out) 11688 0.228 0.000 0.000 0.594 0.268
Betweenness centrality (in) 11688 0.003 0.000 0.000 0.009 0.009
Betweenness centrality (out) 11688 0.003 0.000 0.000 0.009 0.009
Eigenvector centrality (in) 11688 0.065 0.007 0.043 0.160 0.060
Eigenvector centrality (out) 11688 0.048 0.000 0.000 0.183 0.074
Katz centrality 11688 0.032 -0.079 0.058 0.105 0.073
Katz centrality (reverse) 11688 0.016 -0.126 0.053 0.072 0.082
PageRank centrality 11688 0.007 0.003 0.005 0.015 0.005
PageRank centrality (reverse) 11688 0.008 0.001 0.001 0.025 0.011

We estimate the network centrality using the NetworkX package for directed graphs8.

In-Degree Centrality Cin
D (vi) measures the number of incoming edges to a node, normalized

by the maximum possible in-degree. Out-Degree Centrality Cout
D (vi) measures the number

of outgoing edges from a node, normalized by the maximum possible out-degree.

Cin
D (vi) = degin(vi)

|V| − 1 (B.A6)

Cout
D (vi) = degout(vi)

|V| − 1 (B.A7)

Closeness Centrality (In) Cin
C (vi) assesses how close a node is to all other nodes based on

incoming paths. Closeness Centrality (Out) Cout
C (vi) assesses how close a node is to all

8https://networkx.org/
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other nodes based on outgoing paths.

Cin
C (vi) = |V| − 1∑

vj∈V\{vi} d(vj , vi)
(B.A8)

Cout
C (vi) = |V| − 1∑

vj∈V\{vi} d(vi, vj) (B.A9)

Eigenvector Centrality (In) Cin
EV (vi) evaluates a node’s influence based on the influence of

its incoming neighbors. Eigenvector Centrality (Out) Cout
EV (vi) evaluates a node’s influence

based on the influence of its outgoing neighbors.

Cin
EV (vi) = 1

λ

∑
vj∈Nin(vi)

Cin
EV (vj) (B.A10)

Cout
EV (vi) = 1

λ

∑
vj∈Nout(vi)

Cout
EV (vj) (B.A11)

Betweenness Centrality (In) Cin
B (vi) quantifies the number of times a node acts as a bridge

along the shortest paths directed towards it. Betweenness Centrality (Out) Cout
B (vi) quan-

tifies the number of times a node acts as a bridge along the shortest paths originating from
it.

Cin
B (vi) =

∑
s ̸=vi ̸=t

σst(vi)
σst

(B.A12)

Cout
B (vi) =

∑
s ̸=vi ̸=t

σst(vi)
σst

(B.A13)

Katz Centrality Cin
K (vi) considers all incoming walks to a node, with longer walks exponen-

tially damped by a factor α. Katz Centrality (reverse) Creverse
K (vi) considers all outgoing

walks from a node, with longer walks exponentially damped by a factor α.

Cin
K (vi) =

∞∑
k=1

αk · (Ak)ji (B.A14)

Creverse
K (vi) =

∞∑
k=1

αk · (Ak)ik (B.A15)

PageRank Centrality Creverse
P R (vi) measures the probability of arriving at a node through a

random walk that follows outgoing edges, incorporating a damping factor α.

CP R(vi) = 1− α

|V|
+ α

∑
vj∈Nin(vi)

CP R(vj)
degout(vj)

(B.A16)
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Creverse
P R (vi) = 1− α

|V|
+ α

∑
vj∈Nout(vi)

Creverse
P R (vj)
degin(vj)

(B.A17)

Notes: V denotes the set of all nodes in the graph. degin(vi) and degout(vi) represent the
in-degree and out-degree of node vi, respectively. d(vj , vi) is the shortest path distance from
node vj to node vi. Nin(vi) and Nout(vi) denote the sets of nodes with edges directed towards
and away from node vi, respectively. σst is the total number of shortest paths from node s to
node t, and σst(vi) is the number of those paths that pass through node vi. A is the adjacency
matrix of the graph. λ is the largest eigenvalue of the adjacency matrix A. α is the damping
factor, typically set to 0.85 in PageRank calculations.

We estimate the following regression similar as Eq 2.3 with an additional network centrality
control variable.

LLPi,t+h = β1CLN scorei,t + β1Centralityi,t + γXi,t + Fixed Effects + εi,t+h (B.A18)

where LLPi,t+h is the loan loss provisions for bank i at time t+h, CLN scorei,t refers to the bank-
level co-lending network risk score of bank i at time t. Centralityi,t is one of the network cen-
trality measures defined above Centralityi,t ∈

{
Cin

D (vi), Cout
D (vi), ..., CP R(vi), Creverse

P R (vi)
}
.
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C.1 Appendix: Antitrust Data and Large Language Model

Antitrust Data

In this appendix, we provide the details on the construction of our comprehensive database of
Department of Justice antitrust lawsuits. Our data collection relies on case summaries provided
by Wolters Kluwer’s Vital Law1 (formerly known as Commerce Clearing House (CCH) Trade
Regulation Reporter), which serves as the authoritative source for legal professionals and schol-
ars in antitrust law. Our data source is identical to that used in Babina et al. (2023), as we
access the same CCH Trade Regulation Reporter database through Vital Law, which is Wolters
Kluwer’s enhanced digital platform for delivering this content.2

The Department of Justice (DOJ) antitrust case summaries available through VitalLaw provide
detailed information covering several key dimensions of each enforcement action: (1) legal iden-
tifiers, including case numbers, case names, filing dates, and docket information; (2) case details,
describing alleged violations, legal proceedings, and final outcomes; (3) geographic information
about where violations occurred; (4) temporal information about when violations began and
ended; and (5) market information identifying affected industries and firms. Notably, these
summaries serve as the authoritative source for several reasons. First, unlike the DOJ’s official

1Wolters Kluwer rebranded its legal research platform, Cheetah, as VitalLaw on November 1, 2021. This
transition expanded the platform’s content and introduced new features to enhance legal research capabilities,
including improved search functionality and digital accessibility. The CCH Trade Regulation Reporter, a key
resource for antitrust case data, was integrated into VitalLaw during this rebranding, ensuring continued access
to its comprehensive content while adding modern digital research tools.

2The Commerce Clearing House (CCH) Trade Regulation Reporter used by Babina et al. (2023) continues to
be maintained and updated as part of VitalLaw following Wolters Kluwer’s acquisition of CCH. The integration
of the Trade Regulation Reporter into VitalLaw represents a technological advancement in content delivery while
maintaining the underlying data source, enabling more efficient data collection while ensuring continuity and
consistency with previous research using this database.
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website, which primarily contains recent cases3, VitalLaw maintains comprehensive coverage
across all periods. Second, the summaries provide standardized information in a consistent for-
mat, facilitating systematic data collection. Third, the summaries include crucial details about
geographic scope and industry classification that are often difficult to extract from raw court
documents.

For systematic collection of these case summaries, we develop and implement an automated
data collection procedure using Python and Selenium WebDriver.4 To ensure data quality and
consistency, our automated process implements multiple verification steps, including duplicate
detection, automated cross-validation of key fields, and systematic logging of all extracted in-
formation.

For a systematic collection of case summaries, we employ a two-stage approach combining struc-
tural extraction and machine learning techniques. In the first stage, we develop Python-based
automated extraction procedures to systematically collect and clean key identifying information
from the case summaries, including filing dates, case names, and citation numbers. Our data
extraction algorithm incorporates specialized error correction for common typographical errors
and standardizes date formats across all entries. Case name extraction employs a sophisticated
regular expression system that handles multiple formats and sources, combining information
from both file names and document headlines while accounting for various legal naming con-
ventions and potential inconsistencies.

Additional Details of Using LLM (ChatGPT)

Methodological Framework for Implementing LLM

The extraction of detailed information from antitrust case summaries presents unique challenges
that limit the effectiveness of traditional rule-based extraction methods or manual collection.
While basic information like dates and case numbers can be reliably extracted using regular
expressions and pattern matching, many crucial aspects of antitrust cases require sophisticated
contextual understanding and legal expertise. Legal documents often contain complex syntax,
specialized terminology, and implicit references that create significant cognitive burden even
for trained researchers, leading to inconsistent interpretations and potential oversight of critical
details during manual review. For instance, distinguishing between different types of government
contracts and accurately classifying federal procurement activities requires understanding both
explicit and implicit references in the legal text, as well as the ability to interpret the broader

3The DOJ website’s coverage is particularly limited before the mid-1990s, with significant gaps in historical
case documentation(Babina et al., 2023).

4Our automated collection process ensures consistency and efficiency while maintaining data quality. The code
systematically accesses and downloads case summaries from VitalLaw’s DOJ Antitrust Division Case Summaries
database, with built-in verification steps and logging mechanisms to prevent duplication and ensure completeness.



Internet Appendix for Chapter Four: Additional Technical Details 225

context of the case. To address these challenges, we employ LLMs to extract key fields related
to each case.

In the second stage of our data collection process, we employ OpenAI’s GPT-4 Omni to extract
detailed case information requiring contextual understanding and legal expertise. For each legal
text X, we produce a structured output Y comprising 24 key fields (e.g., merger indicators,
contract involvement, defendant identities):

Y = {y1, y2, . . . , y24}

We model the conditional probability as:

P (Y | X) = ∏24
i=1 P (yi | X, y1, . . . , yi−1)

Our extraction task selects Y ∗ = arg maxY P (Y | X), representing our best estimate of the
case’s structured information.

To enhance accuracy and capture the nuances inherent in legal texts, we implement a multi-
role analysis system. Each case summary is independently processed from three distinct expert
perspectives:

• Economic professor role (temperature = 0.0, top p = 0.1): ensures highly determinis-
tic and precise economic classifications with minimal variation between runs, prioritizing
consistent identification of economic concepts and relationships.

• Data scientist role (temperature = 0.1, top p = 0.2): allows for moderate creativity in
identifying structured patterns while maintaining consistency, balancing between strict
adherence to known patterns and flexibility in detecting novel relationships.

• Legal specialist role (temperature = 0.15, top p = 0.15): provides a middle ground that
balances authoritative interpretation with the flexibility needed to recognize varied legal
phrasings across different case documents.

For each role, the extraction process is executed R times per field (with R = 3 for most fields
and R = 4 for key fields such as government procurement-related information), yielding a total
of N = 3R independent outputs for each field. Denote the outputs for field yi as y

(j,k)
i : j ∈

{1, 2, 3}, k ∈ {1, . . . , R}. We then determine the final accepted value y∗
i using a consensus

criterion:
y∗

i = mode
(
{y(j,k)

i }
)

if f (mode)
N

≥ 2
3 ,

where f (mode) is the frequency of the most common output. If this condition is not met, the
field is flagged for manual review.
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This consensus-based methodology efficiently replics the work of 9 to 12 independent human
research assistants—a technique theoretically anticipated to exceed the accuracy of individual
human extractions, as shown in works including Babina et al. While useful for extracting simple
data (e.g., dates and case numbers), traditional rule-based approaches usually fail to capture
complicated contextual signals such implicit references to controlling interests, joint ventures,
and corporate restructuring language (e.g., Hart-Scott-Rodino Act references), which are critical
for identifying M&A-related cases.

Furthermore, we utilize a robust JSON schema to define our output structure, and we employ
a JSON structural formatting prompt (as detailed in He et al. (2024)) to optimize LLM perfor-
mance. This multi-run, consensus-based approach ensures that our final dataset reliably reflects
the true substance of the legal documents while mitigating the occasional ”hallucinations” or
omissions inherent in LLM outputs.

Prompt Design

Our prompt design is tailored to extract precise information from legal documents by leveraging
role-based expertise. The prompts are structured to maximize the contextual understanding ca-
pabilities of the large language model while minimizing hallucinations or factual inconsistencies.

The core system prompt varies based on the expert role:

# Economic Professor Role
"You are an economic professor specialized in antitrust enforcement."

# Data Scientist Role
"You are a data scientist specialized in extracting structured data from case summaries."

# Legal Specialist Role
"You are a professional lawyer specialized in antitrust lawsuits."

For each case analysis, we provide a consistent user message structure:

# User message with case identification
User: "Analyze the case ‘[CASE_NAME]’ and provide structured information as outlined."

# Case text follows
User: "[FULL_CASE_TEXT]"

The model is configured to return responses in a JSON format that strictly adheres to our
predefined schema. This ensures consistency and facilitates subsequent automated analysis.
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Example Prompt Implementation

Below is a complete example of how a prompt is constructed and sent to the API for the economic
professor role as an example. The prompt consists of a system message establishing expertise, a
user message identifying the analysis task, and the case text from regulatory documents: (only
showing the first few sentences of the full case document):

# System message
System: "You are an economic professor specialized in antitrust enforcement."
# User message with case identification
User: "Analyze the case ‘United States v. MCC Construction Corp.’ and provide structured
information as outlined."
# Case text follows
User: "MCC Construction Corporation, of Greenwood Village, Colorado, was charged on January 5,
2016, in a one- count information filed in the federal district court in Washington, D.C. with
conspiring to defraud the U.S. government. According to the charge, MCC partnered with other
companies to gain access to GOVERNMENT CONTRACTS that were awarded through the Small Business
Administration’s 8(a) program for businesses controlled by a socially or economically
disadvantaged U.S. citizens, even though MCC was not eligible. The Justice Department announced
[on February 2, 2016] that MCC Construction Company (MCC) has agreed to pay $1,769,294 in
criminal penalties and forfeiture for conspiring to commit fraud on the United States by
illegally obtaining government contracts that were intended for small, disadvantaged businesses.
The court agreement was announced [on February 2, 2016] by Assistant Attorney General William J

. Baer of the Justice Department’s Antitrust Division, U.S. Attorney Channing D. Phillips of the
District of Columbia, Assistant Director in Charge Paul M. Abbate of the FBI’s Washington Field
Office, Inspector General Peggy E. Gustafson of the Small Business Administration (SBA),

Inspector General Carol Fortine Ochoa of the U.S. General Services Administration (GSA), Special
Agent in Charge Brian J. Reihms of the Defense Criminal Investigative Service’s (DCIS) Central

Field Office and Director Frank Robey of the U.S. Army Criminal Investigation Command’s Major
Procurement Fraud Unit (MPFU). [...]"

This classification task of government procurement related cases is crucial for our empirical
analysis. Based on our structured schema requirements, the model returns a JSON response
with the following key determinations:

{
"Government_Contract_Indicator": "Yes",
"Government_Contract_Keywords": "federal contracts, small, disadvantaged businesses, U.S.

Department of Justice, [...]",
"Federal_Procurement_Activities": "Yes",
"Federal_Contract_Keywords": "federal contracts set aside for small, disadvantaged businesses,

[...]",
"Filing_Date": "2016-01-01"

}
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We implement a comprehensive JSON schema that defines all relevant fields. This schema
provides explicit guidance to the model regarding the expected output format and classification
criteria. The schema definition below shows key fields related to government procurement
identification, though our full implementation includes additional fields for comprehensive case
analysis:
schema = {

"name": "AntitrustCaseSummary",
"schema": {

"type": "object",
"properties": {

# Government Procurement Classification
"Government_Contract_Indicator": {"type": "string", "enum": ["Yes", "No", "Unclear"]},
"Government_Contract_Keywords": {"type": "string"},
"Federal_Procurement_Activities": {"type": "string", "enum": ["Yes", "No", "Unclear"]},
"Federal_Contract_Keywords": {"type": "string"},
# Case Identification and Classification
"Filing_Date": {"type": "string"},
"M_A_Indicator": {"type": "string", "enum": ["Yes", "No", "Unsure"]},
"Geographic_scope": {"type": "string", "enum": ["City", "State", "Several States", "National",

"International", "No Information"]},
# Industry Classification
"NAICS4": {"type": "string"},
"NAICS6": {"type": "string"},
# Defendants Information
"Defendants_Individual": {"type": "string"},
"Defendants_Company": {"type": "string"},
"Seller_state": {"type": "string"},
"Product_state": {"type": "string"},
# Legal Classification
"Legal_code": {"type": "string", "enum": ["Sherman Act", "Clayton Act", "Robinson-Patman Act",

"Hart-Scott-Rodino Act", "Other", "No Information"]},
"Legal_outcome": {"type": "string", "enum": ["Pleaded Guilty", "Nolo Contendere", "Dismissed",

"Dropped", "Enjoined", "Plea Agreement", "Found Guilty", "Found Not Guilty", "Consent Decree", "Other", "
No Information"]},

"Types_of_violations": {"type": "string"},
# Penalties and Appeals
"Fine_imposed": {"type": "string"},
"Jail_sentence_imposed": {"type": "string"},
"Probation_sentence_imposed": {"type": "string"},
"District_court_appeal": {"type": "string", "enum": ["Yes", "No"]},
"Appellate_cout_appeal": {"type": "string", "enum": ["Yes", "No"]},
"Supreme_court_appeal": {"type": "string", "enum": ["Yes", "No"]},
# Timeline Information
"Date_of_Plea": {"type": "string"},
"Date_of_Sentencing": {"type": "string"},
"Date_of_beginning_of_conspiracy": {"type": "string"},
"Date_of_beginning_of_violation": {"type": "string"}
[Additional fields omitted for brevity] }}}

This schema-guided approach ensures that the output is both comprehensive and consistent
across all analyzed cases. For each antitrust lawsuit, we collect a complete structured output
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that contains all relevant fields. Below is an example of the full JSON output:
{

"Government_Contract_Indicator": "Yes",
"Government_Contract_Keywords": "federal contracts, Small Business Administration’s 8(a) program,

government contracts, disadvantaged businesses",
"Federal_Procurement_Activities": "Yes",
"Federal_Contract_Keywords": "federal contracts set aside for small, disadvantaged businesses",
"Filing_Date": "2016-01-05",
"Seller_state": "CO",
"Product_state": "DC",
"Defendant_Location": "CO",
"NAICS4": "2362",
"NAICS6": "236220",
"M_A_Indicator": "No",
"Defendants_Individual": "No Information",
"Defendants_Company": "MCC Construction Corporation",
"Geographic_scope": "National",
"Legal_code": "Other",
"Legal_outcome": "Plea Agreement",
"Types_of_violations": "Government Fraud;Bid Rigging",
"Fine_imposed": "$500,000;$1,269,294",
"Jail_sentence_imposed": "No Information",
"Probation_sentence_imposed": "No Information",
"District_court_appeal": "No",
"Appellate_cout_appeal": "No",
"Supreme_court_appeal": "No",
"Date_of_Plea": "2016-02-02",
"Date_of_Sentencing": "2016-03-15",
"Date_of_beginning_of_conspiracy": "2008-01-01",
"Date_of_beginning_of_violation": "2008-01-01",
[Additional fields omitted for brevity]

}

This methodological rigor is especially important for accurately identifying the subset of an-
titrust cases that involve government procurement activities—a critical distinction for our re-
search focus. Additionally, to ensure maximum accuracy, all LLM outputs were independently
validated by two human research assistants with professional expertise in antitrust law, using
primary sources including Wolters Kluwer’s Vital Law database, the Department of Justice’s of-
ficial website, and contemporaneous news reports. This dual validation process provides further
confidence in the reliability of our final dataset.

Antitrust Violation Types

Additionally, we classify the antitrust violations into the following types by utilizing information
from the DOJ Antitrust Division Manual and Vital Law’s legal summaries. Our classification
system reflects the established taxonomic framework employed by the Department of Justice,
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capturing both statutory authority and enforcement priorities.5 For each antitrust violation
classification, we restricted our large language model to select only from this predefined dic-
tionary of violation types, applying a consensus-based methodology requiring agreement across
multiple runs. All classifications were subsequently verified by human researchers with expertise
in antitrust law, providing an additional validation layer to ensure classification accuracy.
schema = {

"name": "Antitrust_Violation_Classification",
"schema": {

"properties": {
"Broad_Category": {

"enum": ["Horizontal Restraints", "Monopolization", "Vertical Restraints", "Merger Violations", "
Unknown"]

},
"Specific_Violation": {

"enum": ["Price Fixing", "Bid Rigging", "Market Allocation", "Group Boycott", "Information
Exchange",

"Monopolization", "Attempted Monopolization", "Predatory Pricing", "Exclusive Dealing",
"Refusal to Deal", "Tying Arrangement", "Resale Price Maintenance", "Territorial

Restriction",
"Merger to Monopoly", "Horizontal Merger", "Vertical Merger", "Conglomerate Merger",
"HSR Violation", "Other", "Unknown"]

},
"Collusion_Tools": {

"enum": ["Bribery", "Wire Fraud", "Mail Fraud", "Government Fraud", "Tax Evasion",
"Money Laundering", "Obstruction of Justice", "None", "Unknown"]

}
},
"required": ["Broad_Category", "Specific_Violation", "Collusion_Tools"]

}
}

Horizontal restraints involve agreements between competitors at the same level of production
that directly restrict competition, typically prosecuted as per se violations under Section 1 of the
Sherman Act and representing the DOJ’s highest criminal enforcement priority. Monopoliza-
tion captures conduct by a dominant firm that maintains or acquires monopoly power through
exclusionary practices, prosecuted under Section 2 of the Sherman Act and requiring both mar-
ket power and anticompetitive conduct elements. Vertical Restraints encompass restrictions
imposed by firms at different levels of the supply chain that may unreasonably restrain trade,
typically evaluated under the rule of reason and balancing procompetitive efficiencies against
anticompetitive effects.6 Merger Violations include both substantive challenges to transactions
that may substantially lessen competition and procedural violations of Hart-Scott-Rodino Act

5This classification follows the DOJ Antitrust Division Manual (5th edition), which structures enforcement
actions along these primary categories. See U.S. Department of Justice, Antitrust Division Manual (5th ed.),
available at https://www.justice.gov/atr/division-manual.

6This categorization follows both DOJ enforcement practice and Supreme Court precedent, which has increas-
ingly recognized the potential procompetitive benefits of vertical arrangements.

https://www.justice.gov/atr/division-manual
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premerger notification requirements, with the latter constituting a distinct category of enforce-
ment activity.7 Furthermore, we classify the collusion mechanisms, capturing the tools used to
facilitate anticompetitive conduct.

C.2 Example Antitrust Lawsuits

Example 1: United States v. MCC Construction Corp.

Case Summary: In January 2016, MCC Construction Company, a construction management
and general contractor, was charged with one count of conspiracy to commit major fraud against
the United States (Case No. 1:16-cr-00004). The U.S. Department of Justice (DOJ) alleged
that MCC conspired with two companies eligible for federal contracts set aside for small, dis-
advantaged businesses, with MCC performing the work while the eligible companies submitted
the bids. MCC waived indictment, agreed to the filing of the information, and accepted respon-
sibility for its actions.

Relation to Procurement Activities: MCC Construction Company conspired with two
small, disadvantaged businesses to illegally win federal contracts. These contracts were set
aside under programs like the Small Business Administration (SBA) 8(a) Business Develop-
ment Program, which reserves certain government contracts for eligible small businesses to
promote fairness and opportunity. This case ties directly to government procurement, involving
federal contracts set aside for small, disadvantaged businesses under the SBA 8(a) Business
Development Program. MCC’s fraud undermined these processes, potentially raising taxpayer
costs and blocking legitimate small businesses from contract opportunities.

Field Information

Case Filed January 5, 2016
Defendants MCC Construction Company
Industry (NAICS6) Commercial and Institutional Building Construction (236220)
Court United States District Court for the District of Columbia (Case No. 1:16-cr-00004)
Legal Basis 18 U.S.C. § 371 (conspiracy to defraud the United States) and 18 U.S.C. § 1031 (major fraud against the United States)
Key Events - January 2016: Criminal information filed by the DOJ.

- February 2, 2016: U.S. District Judge Ketanji B. Jackson accepts MCC’s guilty plea.
- March 15, 2016: Sentencing hearing; judgment entered by Judge Jackson.

Outcome MCC pleaded guilty and agreed to pay $1,769,294 in criminal penalties and forfeiture.

7This distinction between substantive and procedural merger violations reflects the DOJ’s operational ap-
proach, where HSR violations are pursued independently of competitive effect determinations.
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Example 2: United States v. SG Interests I, Ltd., SG Interests VII, Ltd. and
Gunnison Energy Corporation

Case Summary: SG Interests I, Ltd., SG Interests VII, Ltd. (collectively ”SGI”), and Gun-
nison Energy Corporation (GEC) were charged with violating Section 1 of the Sherman Act for
their agreement not to compete in bidding for natural gas leases auctioned by the Bureau of
Land Management (BLM). On February 8, 2005, just days before a BLM auction, the compa-
nies executed a Memorandum of Understanding (MOU) agreeing that only SGI would bid as
nominee for both parties at the February and May 2005 auctions, and if successful, would assign
a 50% interest in the acquired leases to GEC at cost. As a result of this agreement, the United
States received less revenue than it would have had the companies competed. The Department
of Justice filed the civil antitrust complaint on February 15, 2012, marking the first time the
DOJ challenged an anticompetitive bidding agreement for mineral rights leases.

Relation to Procurement Activities: This case directly relates to government procurement
activities as it involved federal natural gas leases sold at auction by the U.S. Department of
Interior’s Bureau of Land Management. The bid-rigging scheme undermined the competitive
bidding process designed to ensure the government receives fair market value for public resources.
The case is particularly significant as it represents the first time the Department of Justice
challenged anticompetitive bidding for federal mineral rights leases. The collusive agreement
prevented the government from receiving the full competitive value for these natural resources,
effectively depriving American taxpayers of revenue that should have been generated through a
fair auction process.

Field Information

Case Filed February 15, 2012
Defendants SG Interests I, Ltd., SG Interests VII, Ltd., and Gunnison Energy Corporation
Industry (NAICS6) Crude Petroleum and Natural Gas Extraction (211111)
Court United States District Court for the District of Colorado (Civil Action No. 12-cv-00395-RPM)
Legal Basis Section 1 of the Sherman Act (15 U.S.C. § 1) and False Claims Act
Key Events - February 8, 2005: SGI and GEC executed a MOU

- February and May 2005: BLM auctions with collusive bidding
- October 2009: Former GEC VP filed qui tam whistleblower complaint
- February 15, 2012: DOJ filed civil antitrust complaint
- December 12, 2012: Judge rejected initial settlement
- April 22, 2013: Final judgment entered

Outcome Companies paid $550,000 to settle antitrust and False Claims Act violations,
with required advance notice of future joint bidding practices for five years.
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Example 3: United States v. Scott “Max” Anthony Walker and Ryan Scott
McMonigle

Case Summary: In 2009, Scott “Max” Anthony Walker and Ryan Scott McMonigle were
charged with conspiring to violate the Anti-Kickback Act of 1986 by soliciting kickbacks from
security vendors in connection with a subcontract under a $1.4 billion USAID contract for the
Afghanistan Infrastructure Rehabilitation Project (AIRP). The scheme aimed to influence the
bidding process for security services, with kickbacks initially set at $250,000 and later negotiated
to 1.8% of the contract value. Both individuals pleaded guilty, with Walker entering a plea
agreement in November 2009 and McMonigle in January 2010.

Relation to Procurement Activities: This case is directly tied to government procurement
activities, as it involves a subcontract under a major USAID project funded by U.S. taxpayers.
The kickback scheme sought to manipulate the competitive bidding process for security services,
potentially increasing costs and undermining the integrity of the procurement process. By
distorting fair competition, the conspiracy could have led to higher expenses for the government
and compromised the effectiveness of international development efforts.

Field Information

Case Filed August 4, 2009
Defendants Scott “Max” Anthony Walker, Ryan Scott McMonigle
Industry (NAICS Code) Security Guards and Patrol Services (561612)
Court United States District Court for the Eastern District of Virginia, Alexandria Division (Case No. 1:09-CR-478)
Legal Basis 18 U.S.C. § 371 (conspiracy) and 41 U.S.C. § 53 (Anti-Kickback Act)
Key Events - August 4, 2009: Information filed under seal

- August 26, 2009: Seal lifted
- November 16, 2009: Plea agreement for Scott Anthony Walker
- January 26, 2010: Guilty plea for Ryan Scott McMonigle

Outcome Both defendants pleaded guilty to the conspiracy charges.

Example 4: United States v. Peter W. Schmidt

Case Summary: In 2001, Peter W. Schmidt, president of Schmidt Construction Company,
was charged with conspiracy to defraud the United States by rigging bids for federally funded
construction projects in Alabama. He was convicted and sentenced to 21 months in prison.

Relation to Procurement Activities: This case directly relates to government procurement,
as it involved manipulating the bidding process for federal construction projects, potentially
increasing costs and undermining fairness.

Example 5: United States v. Woodson & Associates Inc.

Case Summary: On September 29, 2005, Woodson & Associates Inc. agreed to plead guilty to
bid rigging on electrical construction contracts at Cape Canaveral Air Force Station, violating
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Field Information

Case Filed July 25, 2001
Defendants Peter W. Schmidt
Industry (NAICS6) Water, Sewer, and Pipeline Construction (237110)
Court United States District Court for the Northern District of Alabama
Legal Basis 18 U.S.C. § 371 (conspiracy to defraud the United States)
Outcome Convicted and sentenced to 21 months in prison.

Section 1 of the Sherman Act. The conspiracy, spanning from March 1998 to June 2002, involved
projects for the Evolved Expendable Launch Vehicle program. Woodson was fined $175,000,
with the plea subject to court approval. The investigation was conducted by the Antitrust
Division, NASA, and the Air Force.

Relation to Procurement Activities: This case directly impacts government procurement
as it involved bid rigging on military contracts at Cape Canaveral Air Force Station. The con-
spiracy likely resulted in higher costs and potentially lower quality for the government, affecting
the Evolved Expendable Launch Vehicle program, which is crucial for national security. Main-
taining fair competition in such procurement processes is essential to ensure cost-effectiveness
and quality in defense and space projects.

Field Information

Case Filed September 29, 2005
Defendants Woodson & Associates Inc.
Industry (NAICS6) Electrical Contractors and Other Wiring Installation Contractors (238210)
Court U.S. District Court for the Middle District of Florida
Legal Basis Section 1 of the Sherman Act (15 U.S.C. § 1)
Key Events - March 1998 to June 2002: Conspiracy to rig bids on electrical construction contracts at CCAFS

- September 29, 2005: Woodson & Associates Inc. agrees to plead guilty and pay a $175,000 fine
Outcome Woodson & Associates Inc. pleaded guilty to bid rigging and was fined $175,000
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