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Abstract

This paper examines the impact of interconnectedness, based on syndicated loan port-
folios, on the cost of credit in loan contracts. Using syndicated loan from financial
institutions across 39 countries between 2000 and 2020, we constructed an interbank net-
work, distinguishing between core and peripheral banks. Our findings show that banks
with higher interconnectedness within the network experience increased realized volatility.
Moreover, a higher bank degree is positively associated with the cost of credit, even after
accounting for bank-specific, country-specific, and other fixed effects. These insights offer
valuable guidance for governments and regulators in managing financial market stability
and enhancing bank resilience.
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1. Introduction

Measuring the connectedness between financial institutions is crucial for understand-
ing how risk propagation could trigger global financial crises and shape economic fore-
casts (see, e.g., Battiston et al. 2012; Demirer et al. 2018; Corsi et al. 2018; Acharya et al.
2017). The syndicated loan contract, functioning as a multi-layer network, explains how
interconnectedness transmits negative shocks into the financial market (Cai et al. 2018b;
Ivashina and Scharfstein 2010; Fahlenbrach, Prilmeier, and Stulz 2012).

Technological advancements and globalization have amplified financial interdepen-
dence. Syndicated loans, where multiple lenders jointly finance a borrowing firm to
distribute credit risk, have become a crucial external financing source for many firms.
The structure of these loans provides a valuable platform for exploring the interdepen-
dence among financial institutions. This paper investigates the interbank networks within
syndicated loans, focusing on the common exposures among financial institutions with
overlapping portfolios, and aims to offer insights into loan pricing based on counterparty
exposures.

Our work focuses on understanding the activities of financial institutions in interna-
tional markets. During periods of economic growth, banks typically utilize their networks
to encourage information sharing, with the aim of expanding business and increasing
profits. However, during economic contractions, these banks may be subject to stringent
obligations and constraints, potentially inhibiting their capacity to stimulate restructur-
ing within their networks. In this context, lenders play a crucial role in mitigating risk
exposure by effectively monitoring and screening their borrowers.

This paper investigates the evolution of interbank networks using a large dataset of
syndicated lending structures. This work extends the findings of a previous study that
demonstrated a positive relationship between connectedness within interbank networks
and bank performance, as measured by ROA (Oh and Park 2021). The results sug-
gest that collusion among networked banks may lead to abnormal profits. From this
perspective, a key focus of this paper is to examine how much interest rates are raised
depending on the degree of interbank network connectedness based on the similarity in
loan portfolios.

Furthermore, a diversified loan portfolio have implications on bank performance and

respond to external market frictions (Loutskina and Strahan 2011; Matvos, Seru, and
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Silva 2018). Prior research provides evidence that interconnectedness has a considerable
impact on the economy from the perspective of risk exposure (Cont, Moussa, and Santos
2010; Shleifer and Vishny 2011; Acemoglu et al. 2012). Negative shocks and financial
distress can propagate rapidly within a network, with credit concentration amplifying
the cascading effect (Cai et al. 2018b).

To propose criteria for monitoring activities of financial institutions, this study intro-
duces a measure of the connectedness based on the similarity between loan portfolios.
While previous literature has focused on market-wide interconnectedness from a macro
perspective, our approach extends this concept to a multi-level vulnerability indicator
at both micro and macro levels. (Cai et al. 2018b). We employ the Planar Maximally
Filtered Graph (PMFG) method as an optimization algorithm, since a network struc-
ture that excludes redundant links is crucial for accurately estimating the properties of
individual agents, institutions, or the overall network effects (Tumminello et al. 2005).

Main finding, that connectedness increases interest rates and realized volatility at
the bank level, suggests that higher systemic risk is associated with increased correla-
tion among banks. This phenomenon, where banks have strong incentives to excessively
correlate their investments with those of their counterparties, is referred to as ’risk-
matching’. It indicates that financial institutions deliberately choose to align their risk
profiles, which can elevate systemic risk due to the heightened correlation between their
investments (Jackson and Pernoud 2019).

These findings make a significant contribution in several ways. Firstly, this study
offers an alternative approach to measuring systemic risks, providing valuable insights
for risk management (Hasan, Politsidis, and Sharma 2021). Secondly, our research en-
hances the understanding of loan pricing mechanisms, which could be further explored
to examine the interactions between banks and firms. Thirdly, it sheds light on poten-
tial collusion among financial institutions that occupy central positions within interbank
networks. Furthermore, these insights could be valuable for regulators and policymakers
in monitoring lending activities and ensuring financial stability.

The rest of the paper proceeds as follows. Section 2 presents a description of the
database and the methodology that we employed. Section 3 and Section 4 contain the

empirical results. Section 5 concludes the paper.
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2. Data and Methodology

We explain the process for the sample construct and summarize methodology to con-

struct interbank network and regression models.

2.1. Data Source

Company accounting information is obtained from Standard & Poor’s Compustat,
and loan information is sourced from Thomson Reuters’ LPC Dealscan, creating a com-
prehensive sample of syndicated loans along with associated borrower and lender infor-
mation from 2000 to 2020. Our starting points are the Dealscan-Compustat Link and the
Lender link (Chava and Roberts 2008, Schwert 2018). We then obtain information about
loan contract from Dealscan, financial statement from Compustat, and stock return from
CRSP. Our sample includes lenders with at least $10 billion in outstanding loans or at
least 50 outstanding loans (Schwert 2018).

Syndicated loans play a crucial role in the corporate market. These loans are typically
offered by a group of lenders. The lenders in a syndicate are large banks that fall into
two categories of lenders: lead arrangers and participants. Lenders are classified into lead
arrangers and participants based on the literature (Cai et al. 2018b). ! Following the
literature, we exclude loans made to financial companies (i.e., SIC codes between 6000
and 6999) as well as classified companies belonging to the Fama-French 12th industrial
classification.

We use the sample to investigate the relationship between connectedness and loan
spread. We analyze syndicated loan facilities from Dealscan, which contains the most
extensive and recorded loan-deal details available on the international syndicated loan
market. Our sample span from 1 January 2000 to 31 July 2020, including the year of the
2008-2009 global financial crisis and the global COVID-19 pandemic. We exclude loans
without conventional pricing. These 67,076 loans(facilities) are granted by 70-194 lead
arrangers headquartered in 26 international countries to 120-556 non-financial firms in

the United States.

"'We designate a lender as a lead arranger if the lead arranger’s credit of it is yes or the lender’s role of
it is administrative agent, agent, arranger, book runner, coordinating arranger, lead bank, lead manager,
mandated arranger, or mandated lead arranger. We designate a lender as a participant if it is not the
lead arranger.
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2.2. Network Construction

Literature on financial network has been studied to analyze connectedness above a
certain threshold through the correlation coefficient of stock returns when constructing
a network. In addition, studies have been conducted to measure systemic risk through
networks measured through stock volatility of financial institutions through variance de-
composition and Granger causality. Recently, the connectivity measured using data from
syndicated loans, not stock returns, could be used as an indicator of systemic risk (Cai
et al. 2018b). When the network is constructed through syndicated loans, it is possible
to consider the comprehensive relationship between financial institutions and the real
economy.

The sample is constructed by syndicated loans to non-financial firms in the U.S. from
financial institutions in 26 international countries. Lending specialization is classified by
two-digit Standard Industrial Classification (SIC) codes. To measure the similarity of
banks in a S-dimensional space, the FEuclidean distance between bank ¢ and bank j is

estimated for each month as follows.

Distance; j; = % X \/E;-lzl(wL&t - wj787t)2 (1)

where w; s = ﬁ, with syndicated loan of bank 7 invested in specialization s,
L, within the 12 months prior to month ¢. The distance is normalized between 0 and
1; 0 refers to perfectly matched portfolios and 1 refers to portfolios that do not overlap
at all. Figure 2 illustrates the processo of network construction based on the syndicated
loan. Lenders are divided into two groups: lead arranger and participant. We make the
interbank loan network of lead arranger banks. That is why the lead arranger is the
major decision marker for loan agreements and set the interest rate of loan pricing.

We then construct inter-bank networks by Planar Maximally Filtered Graph (PMFQG)
(Tumminello et al. 2005). The most common method for form a stock network is based
on the correlation of stock returns using threshold (Onnela, Kaski, and Kertész 2004; Chi,
Liu, and Lau 2010). This method has a problem where the correlation coefficient only
assumes linear relationship and leading to neglect information. In addition, the minimum
spanning tree (MST), a tree formed by a subsets of edges of a given undirected graph, is
also a common method in network analysis (Onnela, Chakraborti, et al. 2003). However,

this method reflects hierarchical clustering with information lost to generate an efficient
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network. To address this issue, we use the PMFG algorithm to construct optimal network
structures based on syndicated loans.
2.3. Key Variables
2.3.1. Degree Centrality

Generally, centrality refers to a bank’s location in a network compared to that of oth-
ers. The four indices of centrality are frequently discussed in the social network literature
(Newman 2003). These four indices are degree centrality, eigenvector centrality, closeness
centrality, and betweenness centrality. These indices represent different dimensions of
connectedness that affect information sharing via a network or risk propagation. Degree
centrality is the sum of the first-degree connections of an entity in a network. The raw
score is divided by the total number of nodes in the network minus 1 because the size of

the interbank network changes each month (Wasserman, Faust, et al. 1994).

2.83.2. Cost of credit

The dependent variable cost of credit is the natural logarithm of the All In Spread
Drawn(AISD) of loan facility 1 initiated at time t, defined as the total (fees and interests)
annual spread paid over LIBOR for each dollar drawn down from the loan. This variable
is a well-known proxy for the pricing of the syndicated loan. It means the interest
margin of the interbank loan rate charged to borrowers on the drawn portion of the
loan, denoting the spread over LIBOR followed by the literature (Berg, Saunders, and
Steffen 2016; Hasan, Politsidis, and Sharma 2021). The main finding is not sensitive to
loan spread measures. This paper provides consistent results when we use All-In Spread

Undrawn(AISU) as a proxy of bank spread.

2.3.83. Control variables

We control the variables at the bank level and loan contract level following the liter-
ature (Schwert 2018; Cai et al. 2018b; Hasan, Politsidis, and Sharma 2021). To control
bank characteristics, we use bank capital and bank size measured by the log of total
assets. Bank ROA is defined as the net income divided by total assets. To control loan
level, we use loan maturity, number of lenders, and loan amount. The loan amount is the
bank allocation of the loan contract. In addition, the log of GDP per capital and GDP
growth are included in control variable. Refinancing is an indicator variable that shows

having previous relationship between the bank and the firm. Then, we check the lender-,
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lender country-, borrower industry-, and year-fixed effect. To robustness check, we also
utilize the fixed effect by deal purpose and loan type.

In our sample, a significant proportion of lead arrangers operate as subsidiaries of
large bank holding companies. In our analysis, we utilize accounting variables at the bank
holding company level rather than at the subsidiary level. Lead arrangers affiliated with
bank holding companies are subject to control over management and corporate policies.
In contrast, lead arrangers that are not owned by holding companies typically operate
under their own regulatory framework. Figure 3 indicates distinct patterns between
these two groups. The distance of loans to industries among lead arrangers associated
with bank holding companies is lower than that among lead arrangers that are not owned
by holding companies, which means high similarity of loan portfolio strategy among lead
arrangers under the control of bank holding companies. It is consistent concept with the
literature that the loan growth at banking subsidiaries is sensitive to the overall position
and policies of the holding company (J. Houston, James, and Marcus 1997; Ashcraft
2008; Schwert 2018).

2.83.4. Instrument Variable

To quantify this influence and its potential impact on loan decisions, we employ
the "peer degree centrality" as an instrumental variable in our two-stage least squares
(2SLS) regression. This measure captures the average centrality of a bank’s peers in the
syndicated loan market. Peers are identified based on their joint roles as lead arrangers
for a loan facility within a specific month. A higher value of peer degree centrality
suggests that a bank’s peers are more central and potentially have a greater influence
within the syndicated loan market. Banks with higher peer degree centrality might be
better positioned to access market sentiments or soft information due to their extensive
interactions and relationships with other market participants (J. F. Houston, Lee, and
Suntheim 2018). A bank with a high peer degree centrality might indirectly benefit
from this soft information through its relationships with central peers. This instrumental
variable isolates the direct impact of a bank’s centrality from the indirect effects stemming
from its peers, providing a differ understanding of the determinants of loan decisions in

the syndicated loan market.
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3. Syndicated Loan Network and the Risk Exposure

In this section, we examine the degree distribution of the PMFG network created from
syndicated loans in 26 international countries. We then investigate the impact of net-
work topology and investment characteristics on loan pricing. Interbank networks that
emerge due to information asymmetry during the lending process could affect loan pric-
ing. Banks, in the absence of information on borrower creditworthiness, need to rigorous
screening and monitoring. They might seek higher compensation through loan pricing.
Previous studies on systemic risk have identified network connectivity and centrality as
channels that transmit contagions related to negative events, indicating that a highly
interconnected structure can increase systemic risk (Battiston et al. 2012; Elliott, Golub,
and Jackson 2014; Demirer et al. 2018; Cai et al. 2018b). Therefore, we expect that
banks with greater connectivity within the syndication network are positioned more pre-
cariously in terms of risk exposure. This increased susceptibility to systemic shocks is
hypothesized to translate into higher loan spreads, serving as a compensatory mechanism

for the heightened risk profile.

3.1. The Analysis of Interbank Network

The structure of interbank networks created during bank-firm lending processes can
affect bank performance due to the degree of information asymmetry. Banks with higher
information asymmetry may emulate the loan portfolio structure of banks with lower
information asymmetry to reduce such asymmetry and generate profits. The literature
on systemic risk highlights network connectivity and centrality as channels that transmit
contagions related to the tranquil period, meaning that a highly interconnected structure
can increase systemic risk (see, e.g.,Battiston et al. 2012; Elliott, Golub, and Jackson
2014; Demirer et al. 2018; Cai et al. 2018b). Ultimately, higher connectivity and rapid
propagation of negative shocks in bank-to-bank networks can enable high-centrality banks
to address market instability. Therefore, we expect that well-connected banks experience
higher levels of pricing information, including lower levels of information asymmetry than
poorly connected banks.

Since the amount of syndicated loans is related to asset exposure, a decline in asset
prices can affect the stability of the banking system. We analyze syndicated loans issued

from 2000 to 2020 and observe that the number of syndicated loans reflects the state of
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the financial market (see Figure 1). We measure the market size of syndicated loans in
each quarter as the total amount of syndicated loans divided by the number of loans.
Both the market size and the number of syndicated loans follow a similar pattern. The
market size of syndicated loans gradually increased in 2003 and continued to rise until Q4
of 2007, finally decreasing in 2009. However, the number of syndicated loans increased
in 2009. It could be the case that a number of syndicated loans with small market size
were issued in 2009. It is also possible that the increase in the number of loans was due
to changes in the market conditions, such as increased demand for credit or changes in
lending standards.

The main objective of this paper is to investigate the relationship between the bank
degree and loan spread. We assume that banks with higher connections to other banks
possess more private information about firms than others according to monitoring such as
due diligence. To test the validity of our hypothesis, we construct an interbank network
using the PMFG method based on loan portfolio data in Figure 2 (Tumminello et al.
2005). During the global financial crisis, the largest 200 lenders had massive connections
with lenders from 26 international countries in Figure 4. We check the our sample includ-
ing the majority of Systemically Important Financial Institution. When each bank’s loan
portfolio tends to have a distinct and unique investment strategy, the interbank network
would be disconnected, and each bank would correspond to a random network. With
this concept of sectoral similarity, Oh and Park 2021 reveals the interbank networks we
constructed as same ways tend to follow the distribution of power law, which means the
existence of hub lenders. Some hub lenders have better connections than other lenders,
causing information asymmetry among lenders in the syndicated loan market. When a
lender has more information than other lenders, they can earn a profit from the loan
contract. Moreover, they have greater risk exposure due to default risk during tranquil

periods.

3.2. Hierarchical Structure of Interbank Network

Figure 6 shows a time series pattern between average degree centrality and CBOE
Volatility Index (VIX). The VIX index represents market expectations of investor for
volatility and is often used the "fear index" because it tends to spike during times of
market turmoil. The relationship implies that as the interbank network becomes more

interconnected (i.e., higher average degree centrality), there’s a correspondence with mar-
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ket volatility. Specifically, transition probabilities like CC(from core to core) or PC(from
peripheral to core) indicate the chances of a bank moving from one category (core or
periphery) to another over time. An increase in these probabilities during a recession
indicates that more banks are moving towards the core in the Figure 7. The core in
network theory usually refers to central, highly connected nodes. The observed transi-
tion in the network, especially during market instabilities, might be due to a "flight to
quality" effect. This is an investment strategy where investors move their capital to safer
assets or sectors during periods of market turmoil. In the context provided, it seems
banks prefer not to invest in specific industries that might be perceived as risky during
economic downturns. By using the Figure 8, this paper also ruled out the possibility
that the observed network changes were simply due to an increase in the number of core
lenders. This is important as it strengthens the argument that the observed patterns are
indeed due to underlying economic and market dynamics and not just structural changes
in the number of core lenders.

In summary, during periods of market instability, the structure of interbank networks
based on sectoral similarity changes, reflecting a possible flight to quality among banks.

This change in network structure also related with increased market volatility.

3.8. Realized Volatility and Degree of Interbank Network

This section seeks to investigate the association between a bank’s position in a syn-
dicated loan network and the volatility observed in the bank’s stock returns. The degree
of centrality is a measure of the importance or influence in the interbank network. The
lenders with a high degree centrality mean that the lenders are more connected and has
a significant role within the network. This centrality is used to gauge a bank’s risk ex-
posure, especially how vulnerable it might be to the propagation of financial shocks. We

employ the following specification:

Realized volatility;; = ag + a1 Bank degree;; + as Xy + uy (2)

The dependent variable of Realized volatility is the historical return volatility of stock
return. It measures standard deviation of stock returns within the 12 months prior to
month t. It is possible to construct a systemic risk indicator based on the concepts
of realized volatility measure (Diebold and Yilmaz 2014; Dungey, Luciani, and Veredas

2018) The independent variable of Bank degree is the bank’s measure of risk exposure to

10
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the entire syndicated loan market. The vector ay denotes different types of fixed effects,
X is a vector of control variables and u is a stochastic disturbance. Column (1) of Table
2 offers the most parsimonious specification, where we regress the Bank realized volatility
on Bank degree and a constant term. The coefficient on our network measure is positive
and statistically significant at the 1% level. The sign and magnitude of coefficients are
in line with the prior literature (see Hasan et al. 2021).

This result suggests that banks occupying a central position in the syndicated loan
network are notably more exposed to systemic risks within the global syndicated loan
market. Institutions with high leverage are especially vulnerable to these systemic risks.
When these central banks face adverse shocks, the leveraging effect can amplify the
impact, leading to a significant decline in their equity value. This amplified effect, in
turn, manifests as heightened volatility in their stock returns. Such pivotal banks, given
their interconnectedness, are more susceptible to reverberations from global financial
shocks, a susceptibility that is reflected in the greater volatility of their stock prices.
Therefore, in this context, we equate the degree of a bank in the syndicated network with

its risk exposure.

4. Syndicated Loan Network and the Loan Pricing
4.1. The Effect of Interbank Network’s Degree on Loan Pricing

In this section, we investigate the impact of interbank network degrees on loan pricing.
As illustrated in Figure 5, there appears to be a positive correlation between the degree
of connections a bank has and its informational advantage, likely stemming from its
extensive dealings and interactions with other financial institutions. This informational
edge could potentially empower banks in the bargaining process when setting loan prices.
To ensure robustness in our analysis and account for other factors that might influence
loan pricing, we control for loan maturity, loan amount, and the number of lenders in
the syndicated loan, as well as bank properties such as size, ROA, and capital. Following
the literature Hasan, Politsidis, and Sharma 2021, we include the one-year lags of bank
control variables. In addition, our regression model accounts for bank-, lender country-,

borrower industry-, and year- fixed effects. The regression equation is as follows:

Cost of credity = a, + a1 Bank degreey + asControls; + uy (3)

11
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The dependent variable is the all-in spread drawn (AISD) of the loan facility, which rep-
resents the interest margin on the drawn portion of the loan relative to LIBOR, following
previous studies (Berg, Saunders, and Steffen 2016; Hasan, Politsidis, and Sharma 2021).
Table 3 shows that the coefficient of bank degree is positive (16.8) and statistically sig-
nificant at the 1% level, indicating that a one standard deviation increase in network
degree leads to a 0.6 basis point increase in the AISD (=16.8 basis point x 0.0036). This
finding suggests that higher-degree banks charge higher interest rates on loans, highlight-
ing the impact of the interbank network on loan pricing. One limitation in our study is
its restricted control over borrower-side attributes, with only borrower industry effects
considered. The financial health of a borrower may influence the quality and quantity of
information accessible to banks. We believe this area warrants further exploration. In
addition, consistent results are observed when we adopt an alternate measure for bank
spread, specifically the all-in spread undrawn (AISU), as seen in Table 8.

Syndicated loans have different loan characteristics, such as deal purpose and loan
type, could potentially influence loan pricing (Berg, Saunders, Steffen, and Streitz 2017;
Cai et al. 2018a; Berlin, Nini, and Edison 2020). Loans can serve various purposes, from
refinancing to acquisition financing or addressing working capital needs. Each purpose
might have distinct risk implications that could affect pricing. Similarly, the type of
loan, be it a term loan, revolving credit, or bridge loan, brings its own set of parameters,
including repayment structures and associated covenants. By using the fixed effects based
on these loan-specific characteristics, this approach helps to address the potential omitted
variables related to the nature of the loan itself in Table 9.

As a result, the positive association between network degree and loan pricing under-
scores the significance of diverse connections in the interbank network. Banks with vast
and varied interactions can gain a competitive edge, not just in terms of information
but also in terms of their influence on loan pricing. For the perspective of loan supplier,
understanding the importance of their position in the syndicated loan network can be
strategically crucial. If centrality in the network translates to higher loan pricing, banks
might pursue strategies to expand and diversify their connections. Otherwise, banks with
lower degree centrality tend to specialization into specific industry, so they used to lock

in effect in bargaining process (Gupta et al. 2023).

12
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4.2. Analyzing Peer Interactions in Syndicated Loan Decisions

The syndicated loan market, characterized by its collaborative structure, inherently
fosters an environment ripe for peer effects. Multiple banks unite to finance a single bor-
rower, leading to extensive information sharing and benchmarking against peers. This
frequent interaction cultivates robust interbank relationships, where actions of one institu-
tion can influence others. Additionally, the need for risk diversification and coordination
amplifies the tendency of banks to align their strategies with those of their peers. In
such a setting, market norms and conventions, often set by influential banks, can quickly
become standard practice, further reinforcing the strength of peer effects in this market.

Table 4 shows a two-stage least-squares regression to elucidate the relationship be-
tween degree centrality excluding peer effect and the All-In Spread Drawn. We use peer
degree centrality as an instrument variable, which banks might consider their strategies
based on peer actions. Peer effects have influenced investment decisions and financial
market instability (Bursztyn et al. 2014). We define peer degree centrality as the mean
centrality of peer banks, identified when lead arrangers have jointly worked on another
facility as lead arrangers within a specific month. We focus on the lead arranger because
there is information asymmetry between lead arrangers and participants. Dependent
variable in the first stage is degree centrality and this in the second stage is All-In Spread
Drawn. This Two-stage Least Square method findings align with the OLS regression in

Table 3, underscoring the consistency and robustness of our results.

4.3. The Impact of Degree on Loan Pricing according to Bank Capital

Bank capital plays an important role in the bank-firm matching mechanism and in
the volatility of connectedness in the syndicated loan market (see Schwert 2018; Chen
2022). To investigate this further, we divided banks into three categories based on their
capital with upper(lower) bound 30%: Small, Middle, and Large. Table 5 presents the
results of the OLS regression of degree on loan spread, using Equation 3 for each bank
capital category. We find positive and significant coefficients across all three subsamples,
indicating that the degree of a bank’s syndicated loan network plays a significant role
in loan pricing, regardless of bank capital. Interestingly, the coefficient for large banks
(7.61, P<0.01) is lower than that for small banks (19.12, P<0.01), suggesting that smaller
banks may have a stronger influence of degree on loan pricing. For omitted-variable bias,

we also include additional fixed effects for loan purposes and loan types. Our results
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are consistent with the baseline findings. When analyzing the variation in connectedness
based on firm size, consistent with findings related to bank capital, we observe consistent
results, corroborating the insights of Cai et al. 2018b. Further, we shift to external,
macro-level factors like government restrictions due to the pandemic in the next sub-

section.

4.4. Government Restriction related to COVID-19 Pandemic

In this section, we discuss the impact of government restrictions related to the COVID-
19 pandemic on the domestic economy and lenders’ exposure, drawing on existing liter-
ature (Hasan, Politsidis, and Sharma 2021). With the rapid spread of the pandemic,
governments implemented regulations to control its speed, which resulted in increased
demand for limited funding sources by firms, leading to abnormal supply situations. To
capture the uncertainty levels of lenders in each country, we used the stringency index of
Hale et al. 2020. It represents variation of individual policy response indicator reflected
by the degree of risk-aversion of each country.

Table 6 shows that loans from lenders in countries with high stringency index result
in additional costs for borrowers, suggesting that higher levels of restriction during the
COVID-19 pandemic deepen the impact on borrowers’ costs. To further control for
economic status, we classified the sample into the normal period and tranquil period
using the 2008-2009 global financial crisis and the COVID pandemic. Regardless of the
economic status, our results show that degrees have a statistically positive impact on loan

spread in Table 7.

5. Conclusion

Banks occupying central positions in the interbank loan network inherently possess
enhanced access to information, giving them a pronounced influence within the syndicated
loan market. This paper employed network centrality measures to explore the relationship
between loan spread and network topology.

In summarizing our results, banks with a high number of connectedness have a sub-
stantial impact on realized volatility, indicating their critical role in the market. This
increased risk exposure subsequently leads to higher borrowing costs for borrowers, a

crucial insight for risk management. During the COVID-19 pandemic, consistent result
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were observable due to lenders’ exposure across different jurisdictions, including Global
Systemically Important Bank (G-SIB).

A primary contribution of our work is the identification of a subset of systemically
important (core) banks within the network, facilitating the analysis of systemic risk.
Understanding the topology of the syndicated loan network is paramount for ensuring
financial stability and resilience. Firms encounter a range of borrowing conditions that
can shift considerably throughout the business cycle. This knowledge is invaluable for
subsequent studies focusing on crisis management, bank decision-making monitoring, and
banks’ own risk management strategies.

In conclusion, our study offers insights relevant to both future research and policymak-
ers. It highlights the evolving landscape of financial intermediaries and the importance
of network centrality in the syndicated loan market. Additionally, our findings provide
valuable perspectives on the risk management and lending mechanisms between banks
and firms. Furthermore, these results suggest that future research could explore the inter-
action between investment in technological development for borrowers or projects related

to sustainable finance.
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Figure 1: Syndicated loan market in the United States from 2000 to 2020. The figure describes market
size and the number of loans extended by lead arrangers to borrowers every quarter. Market size is
defined as the mean of the loan amounts extended by each bank.
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Figure 2: An example of loan structure for network construction. This figure illustrates the network
construction by PMFG algorithm. The similarity of loan portfolio between two banks is calculated by
12 industrial classification based on SIC.
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Figure 3: Distance of loan to industries among lead arrangers. This figure explains the time varying
trend of average distance using two distinct groups: one group is lead arrangers that are not owned by
holding companies, the other group is lead arrangers with Bank Holding Company (BHC). Distance is
calculated by the dissimilarity of loan to each industry sector between the lead arrangers.
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Figure 4: Configuration of Syndicated Loan Network using largest 200 banks in 2008. The nodes represent
each bank, and the node size is determined by the corresponding bank’s degree centrality. A node color
represent each country.
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Figure 5: Relation between degree of interbank network and the cost of credit. The interbank networks
are constructed by PMFG algorithm based on the similarlity of loan portfolio during 12 months. The
cost of credit is the log of the All In Spread Drawn(AISD), defined as the total (fees and interests) annual
spread paid over LIBOR for each dollar drawn down from the loan.
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Figure 6: Relation between degree centrality of interbank network and CBOE Volatility Index from 2000
through 2020. The interbank networks are constructed by PMFG algorithm based on the similarlity of
loan portfolio during 12 months.
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Figure 7: Transition Probability among Core lenders and Peripheral lenders. Core lenders are designated
as central position in the interbank network.
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Figure 8: The number of nodes classified as Core lenders and Peripheral lenders. Core lenders are
designated as central position in the interbank network.
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Table 1: Summary statistics. This table reports summary statistics (number of observations, mean,
standard deviation, minimum, and maximum) for all variables used to estimate the main text. All
variables are defined in Section 2.

Obs. Mean Std Min Max
AISD 54,528  5.0870 0.7448 2.9957  6.5511
Degree 54,528  0.0069 0.0036 0.0014  0.1691
BankSize 54,528 13.7698 0.7080 10.8545 14.8288
BankROA 54,528  0.0059 0.0026 0.0004  0.0185
BankCapital 54,528 0.0482 0.0121  0.0241 0.1201
LoanAmount 54,528 5.8684 1.3684 1.6094  8.5172
Maturity 54,528  3.8528  0.5501 2.0794  4.4998
Realized Vol 54,528 0.7375 0.9174 0.0000  8.4106
GDPperCapita 54,528 10.9800 6.6607 1.0000  46.0000
GDPgrowth 54,528 10.5933 0.2465 6.0125 11.7254
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Table 3: Lender’s degree and spread(2000-2020). The table reports coefficients and t-statistics. The
dependent variable is AISD and all variables are defined in section 2. The estimation method is OLS
regression. All specifications include bank- lender’s country-, borrower industry-, year fixed effect. The
symbols *, ** and *** indicate statistical significance at 10%, 5%, and, 1%, respectively.

)

Dependent Variables Spread

Degreo 16.67197%%  (21.3980)
Bank ROA -40.2334***  (-25.5609)
Bank Size -0.0377** (-4.3223)
Bank capital -4.0111**%*  (-11.2396)
Loan amount -0.1627***  (-71.9167)
Maturity 0.2686***  (55.6156)
Num. of Lenders -0.0216***  (-46.4671)
GDPperCapita -0.0174***  (12.0607)
GDP growth 0.0985%** (5.1087)
Refinancing -0.1195%**  (-21.2950)
Intercept -45.1628%*F*  (-24.0162)

Observations 54,528

FEs Yes
Adj. R? 0.421

Table 4: Two-stage least squares regression using peer degree centrality as the instrumental variable.
The table reports coefficients and t-statistics. Peer degree centrality is defined by the average centrality
of peer banks. They are designated when the lead arrangers have collaborated on another facility as lead
arrangers together for a given month. In the first stage, the dependent variable is degree centrality. In
the second stage, the dependent variable is All-In Spread Drawn, and all variables are defined in section
2. All specifications include bank- lender’s country-, borrower industry-, year fixed effect. The symbols
* Fkand ¥ indicate statistical significance at 10%, 5%, and, 1%, respectively.

Dependent Variables First Stage: Degree Second Stage: Spread
Degree 0.0388*** (14.7908)
PeerDegree 0.2401*%**  (25.4658)
ROA 20.0136  (-1.2513)  -56.4088%**  (-20.6798)
Size 0.0012%%%  (21.3366)  0.0787***  (7.7296)
Capital L0.0741%%*F  (-20.7914)  -5.7613 ***  (-12.9713)
Loan amount 0.0001***  (5.8088)  -0.1392*%**  ( -58.2040)
Duration 0.0000 (-1.2093) 0.2750%** (50.5407)
NumLender 0.0000 (0.0020)  -0.0234*%*F*  (-45.1210)
GDPperCapita 0.0000%**  (-3.7372)  -0.0120 *** (-7.7152)
GDP growth L0.0015%%*  (-11.8810)  0.0386* (1.7482)
Refinancing 0.0000 (-0.9743)  -0.1279***  (-21.3138)
Tntercept L0.3701%%*F  (-20.6782) -38.6806***  (-17.8555)
Observations 41,489 41,488
FEs Yes Yes
Adj. R? 0.243 0.417
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Table 7: Lender’s degree and spread according to market status. The table reports coefficients and
t-statistics. The dependent variable is AISD and all variables are defined in section 2. The estimation
method is OLS regression. All specifications include bank- lender’s country-, borrower industry-, year
fixed effect. Normal period is excluding observations corresponding 2008-2009 financial crisis and COVID
pandemic. The symbols *, ** and *** indicate statistical significance at 10%, 5%, and, 1%, respectively.

Panel A: 2008-2009 global financial crisis

Degree 17.71%%* (11.76)
Bank size -0.04%** (-8.15)
Bank ROA  -45.22%*  (-20.53)
Bank capital =~ -3.58%** (-8.49)
Loan amount  -0.12%** (-27.85)
Maturity ~ 0.12%%* (10.61)
Intercept 6.52%** (54.94)
Observations 9,837
FEs Yes
Adj. R? 0.21
Panel B: COVID pandemic (2020)
Degree 5.01%F* (2.64)
Bank size -0.01 (-1.38)
Bank ROA  -11.53%%%  (-2.94)
Bank capital ~ 2.40%** (3.73)
Loan amount  -0.12%** (-24.33)
Maturity ~ 0.13%%* (12.29)
Intercept 5.14%** (33.08)
Observations 4,243
FEs Yes
Adj. R? 0.20
Panel C: Normal period
Degree 9.43*** (30.35)
Bank size -0.00 (-0.10)
Bank ROA  -17.11%%  (-47.12)
Bank capital =~ -0.34*** (-4.16)

Loan amount  -0.21%** (-242.53)
Maturity 0.28*** (117.59)
Intercept -39.86%+* (-72.89)

Observations 224,569

FEs Yes
Adj. R? 0.33
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Table 8: Baseline result with variation by dependent variable (2000-2020). The table reports coefficients
and t-statistics. The dependent variable is AISU and all variables are defined in section 2. The estimation
method is OLS regression. All specifications include bank- lender’s country-, borrower industry-, year
fixed effect. The symbols *, **, and *** indicate statistical significance at 10%, 5%, and, 1%, respectively.

Dependent Variables Spread

Degree 15.8233***  (13.4858)
ROA -34.3821%*%*  (-15.3148)
Size L0.0911%%*  (-7.1092)
Capital -3.8035%%%  (-7.6714)
Loan amount -0.2222*¥**  (-61.6537)
Duration 0.3326***  (48.2085)
NumLender -0.0056***  (-8.2041)
GDPperCapita L0.0251%%*  (-11.4936)
GDP growth 0.1901%**  (6.8309)
Refinancing -0.0701***  (-7.6001)
intercept 10.1328***  (3.8474)

Observations 30,131

FEs Yes
Adj. R? 0.293
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