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1. Introduction

The Federal Reserve and other Central Institutions recognize the dangerous risks in

leveraged and covenant-lite lending. In this regard, during the 24th Annual Financial Mar-

kets Conference, the current Federal Reserve Chairman Jerome H. Powell explained that:

“Through the Shared National Credit Program1, which evaluates large syndicated loans, our

supervisors are continuing to work with their counterparts at the Office of the Comptroller

of the Currency and the Federal Deposit Insurance Corporation to ensure that banks are

properly managing the risks of losses they face from participating in the leveraged lending

market.”. In an interview released a year before, his predecessor Janet Yellen, expressed

her thoughts about leveraged lending: “I am worried about the systemic risks associated

with these loans... There has been a huge deterioration in standards; covenants have been

loosened in leveraged lending.2” In this paper, we introduce a framework to study the syn-

dicated loans, especially in the form of leveraged and covenant-lite loans. A syndicated loan

is generally defined as a form of financing offered by two or a group of lenders, which com-

pose the so-called syndicate. The members of the syndicate collaborate to provide funds

to a single borrower. The borrowers are corporations, governments, and other institutions.

Here we look at the borrowers headquartered in the U.S. market, which receive loans from

institutions headquartered worldwide. In terms of issuance amount, the US borrowers re-

ceive more than half of the global outstanding amount. Leveraged loans are a type of loan

borrowed to companies or individuals that have a higher risk of default, because of their

considerable amounts of debt and or poor credit history. Covenant-lite loans imply generally

few restrictions on the borrower and fewer guarantees for the lender. In this paper, we study

the syndicated loans market by looking at it as a channel of systemic risk. We develop the

analysis in two main parts. First, we represent the syndicated market as a financial network

and extract the centrality position of the financial institutions. The aim is to investigate

whether there is a positive relationship between centrality and systemic risk. We investigate

whether a financial institution has a higher systemic risk than its peers because it is more

interconnected and influential in the syndicated network. Our results confirm this argu-

ment. Overall, we find that these networks have become substantially complex. There is the

presence of ”hubs” around which the creation of relationships in the market revolves and a

growing influence of international financial institutions.

1”The Shared National Credit Program (SNC) was established in 1977 by the Board of Governors of the
Federal Reserve System, the Federal Deposit Insurance Corporation and the Office of the Comptroller of
the Currency (collectively known as “regulatory agencies”) to provide an efficient and consistent review and
classification of any large syndicated loan.”

2FT October 25,2018. ”Janet Yellen sounds alarm over plunging loan standards”
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The second aim focuses on leveraged and covenant-lite loans. We examine whether a

greater magnitude of leveraged and covenant-lite loans in the syndicated portfolio of a finan-

cial institution can lead it to a higher systemic risk. Especially since the global financial crisis

regulators attempt to re-establish trust in the financial system. They are mainly involved in

improving the models and measures useful to monitor and re-stabilize the financial system.

Our purpose here is to introduce novel risk measures for the syndicated portfolios. We call

these measures generally SY-RISK and propose different versions of computation. Everyone

depicts the leveraged and/or covenant-lite loans share of a unique financial institution and

is weighted by its market magnitude. We employ these measures (SY-RISK) to investigate

whether the share of leveraged and covenant-lite loans of global lead arrangers, in addition

to other sources of systemic risk such as size and level of interconnectedness, increases the

financial institutions’ contribution to systemic risk. Our monthly panel regression analysis

of almost 100 global financial institutions spans from 2000 to 2019. We show that the mag-

nitude of portfolios leveraged and covenant-lite loans are determinants of the systemic risk

of a comprehensive group of financial institutions, especially during periods of recession. By

combining the network analysis with our novel risk measures, we find a strong correlation

between the central source of connectedness and low-quality portfolios.

Being that since November 2011 a spotlight is constantly on the systemically important

institutions, we complement our study by looking at this group of institutions. They are

among the key lenders of the global syndicated market. We distinguish the systemically

relevant institutions in relationship with their region of headquarter. We find that the U.S.

systemically relevant institutions are more central in the syndicated networks and contribute

the most to the increasing market of leveraged and covenant-lite loans.

We conduct several robustness tests on our main regression results. First, to identify the

periods of recession and non-recession in the US we use a different dummy variable from

the main analysis. Then, we identify periods of recession and non-recession by considering

the region of the lender. Third, we introduce two additional measures of syndication risk.

Fourth, we replace the variable of systemic risk with two different measures. Lastly, we

re-run the regressions by using different measures of systemic risk. Our main results for the

novel measures of syndication risk are robust across all the tests.

The rest of the paper is organized as follows. In Section 2 we discuss the main papers

of the literature which relate to our study. In Section 3 we describe the methodology to

develop this study. In Section 4 we present the data gathered from external sources and

report descriptive statistics and illustrative graphs. In Section 5 we document the main

empirical findings and our robustness test. In Section 6 we conclude.
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2. Literature Review

This paper has a common ground with different strands of the literature on financial

intermediation and risk, to which we contribute in several ways.

First, this study relates to the growing literature on syndicated loans. Dennis and

Mullineaux (2000) explain that the syndicated loan is a ”centuries-old process that has

shown significant growth in the 1990s”. Since it blossomed (in the mid-1980s in the U.S. and

with the launch of the euro currency in 1999 in the Euro-Area) this market has become sig-

nificantly large, especially in the U.S. and European region 3. Nowadays, together with the

bond market, the syndicated loan market is one of the largest debt markets. Several are the

factors driving this trend. Sufi (2007) analysis these factors, which are summarizable looking

at the borrowers’ and lenders’ activity. In particular, attracted by the easy accessibility and

offering of a vast type of loan products, the borrowers have proliferated so much that, among

the largest 500 non-financial firms in Compustat, roughly 450 accessed the syndicated loan

market between 1994 and 2002 (Sufi, 2007). From the lenders’ perspective, there has been

a booming increase in the presence of small- and medium-sized lead arrangers, creating a

relationship with large banks. Consequently, the relationship between the borrower and the

banks that compose the syndicate has changed. In the past, the borrower had a direct re-

lationship with all the arrangers composing the syndicate. Now, the main interface for the

borrower is the leading bank (or leading agent), which in turn collaborates with the other

agents (Armstrong, 2003; Pascal and Missonier-Piera, 2007). In practice, the lead arrangers

facilitate the creation of the syndicate and are committed to all the related processes. Em-

pirical analysis shows that the lead banks maintain a larger share of the loan (Sufi, 2007). In

particular, the lead arranger retains about 30% of each syndicated loan and sells the remain-

ing part to a syndicate of investors (Ivashina and Scharfstein, 2010). 4. Participants are the

banks that own a share of the syndication loan, thus are part of the syndicate. Two are the

main reasons that make the syndicated loans attractive for small- and medium-sized lenders.

As explained in Ivashina and Scharfstein (2010), participating in these syndicates allow the

lenders to share the counterparty risk. Also, this market is a goldmine for small-size lenders,

because it allows them to lend money to large borrowers usually unattainable for them, and

create synergies with large financial institutions. Here we documenting the progressive loan

quality deterioration that characterizes the U.S. global market and documenting the shift-

ing of more locally-based lenders collaborations, to overseas connections among the largest

3This market has become so relevant in some regions that a recent study by Acharya et al. (2018) show
how the syndicated loans credit crunch during the European debt crisis, has affected the whole European
economy in terms of investment, employment, and sales growth of firms.

4Many times there is also the presence of co-agents, which are usually involved in administrative tasks.
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global banks and many other financial institutions.

This paper also relates to the expanding literature on syndicated loans and systemic risk.

The closest paper is Cai et al. (2018), who show that the syndicated loans have beneficial

and side effects for lenders. By syndicating a loan, the lenders can better diversify their

portfolios across different borrowers. As pointed out in Wagner (2010) and Raffestin (2014),

diversification has a side effect. Due to the increased commonalities among the banks’

portfolios, there is an increased probability of systemic crises. Differently from Cai et al.

(2018), we recreate the lead arrangers’ portfolios by considering all the MAs that occurred

in the financial sector since 1988. In terms of sample size, we almost double the number of

financial institutions included in the regression analysis and enlarge the sample period up to

the year 2019. Aware that when investigating systemic risk there are two main issues, which

are respectively the lack of consistency in the data used to capture its global dimension, and

the type of data used is different because some scholars use balance sheet data, other market

price data, while others combine both of them 5, we introduce different measures. Similar

to Cai et al. (2018), we use the measures of the systemic risk developed by Acharya et al.

(2017) and Brownlees and Engle (2017). We also complement the existing literature about

systemically relevant institutions, by analyzing their role in the U.S. syndicated leveraged

and covenant-lite loans market. Bierth et al. (2015) investigates the insurance sector and

finds that interconnectedness is a significant driver of large insurers’ exposure to systemic

risk; while, leverage contributes to insurers’ systemic risk. Here we investigate the banking

sector, and we find that interconnectedness, leverage, the magnitude of leveraged and cov-lite

loans, are all significant systemic risk determinants.

Lastly, we add to the growing literature on financial networks. Allen and Babus (2009)

argue that network theory improves our comprehension of financial systems. Using indirect

measures on several different types of financial institutions, Billio et al. (2012) document an

increased interrelation over the past decade in the financial system. The interest in highly

interrelated financial networks is growing, especially because of their ability to show how the

risk of failures contagion could propagate in the system. As shown in Acemoglu et al. (2015),

if a sufficiently small negative shock occurs, a high-density network contributes to a more

stable financial system; but when this threshold is overcome, highly density interconnections

convey the propagation of shocks, causing a fragile financial system. These connections lead

these firms to potential failure in the future. We also know from Beale, et al. (2011) that

the failure of one firm hurts those firms to whom it is connected in the network model. We

add to this literature by documenting the topology of the syndicated loans networks over

time, in relationship with systemically relevant institutions as well as leveraged and cov-lite

5Cerutti, Claessens and Mc Guire (2012)
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loans. Our work partially relates to Godlewski et al. (2012), who is among the few authors

who apply social network analysis to investigate the French market for the syndicated bank.

This market is ideal to be represented in the network form because it is characterized by

the presence of many financial institutions, linked together by the common loans issued to

a unique borrower. We believe that a great comprehension of this market implies studying

it in the form of a financial network.

3. Methodology

In this section, we describe how we compute the variables of interest for our analysis. In

Section 3.1 we develop the financial networks based on the syndicated loans and compute

the centrality measures employed in the regression analysis. We briefly describe other mea-

sures of interconnectedness used in the literature we employ for further tests. In Section

3.2 we construct our measures of syndicated portfolio risk (SY-RISK), based on leveraged

and covenant-lite loans. In Section 3.3 we describe the computation of other explanatory

variables, commonly used in the literature and employed in our empirical analysis.

3.1. Measures on interconnectedness

3.1.1. Interconnectedness from network analysis

The importance of financial networks is nowadays well-known. As explained by Matthew

O. Jackson in his speech at the AFA 2019 lecture, we can learn a lot from financial net-

works; who partners with who, what kind of contract they set up, how much a network is

concentrated. Having networks highly concentrated around the largest financial institutions

have several benefits, but having one of them failed it could be catastrophic. Financial net-

works provide a basis for understanding systemic effects. Also, it complements a balance

sheet-based analysis, which does not tell us a lot about the financial institutions’ relation-

ships. Here we construct an empirically calibrated network for the syndicated market, which

changes over time. This market is a financial network par excellence, where nodes and

edges are based on loan relationships. The nodes are the financial institutions, which com-

pose the syndicate. The edges (or linkages) between financial institutions are based on real

collaborations among financial institutions, which mutually lend to a unique borrower.

We build the syndicated loan networks across years by following the framework for undi-

rected networks. Let N=1,2,3,...,n be the set of lead arrangers that compose a syndicated

loans market. We first build the undirected network G with the vertex set V (G) = v1, v2, ...vv

by means of matrices. Such v x v adjacency matrix A(G) = (aij)ij, is a matrix representing
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the connections between lead arranger i and j in the syndicated loans market. All the adja-

cency matrices are symmetrical, that is the connections are between lead arranger i and j,

or lead arranger j and i. A connection might be equal to:

ai,j =


0, for (xi, xj) /∈ A(G) if no connection between lead arranger i and j occurs

1, for (xi, xj) ∈ A(G) if one connection between lead arranger i and j occurs;

> 1, for (xi, xj) ∈ A(G) if more than one connection between lead arranger i and j;

From the syndicated networks we compute different measures of centrality, which are employed

in our regression analysis.

To depict how far and how close a lead arranger is with respect to all the other lead arrangers

we compute the Farness and Closeness centralities (Bavelas, 1950) as follow:

Farnessi,t =
∑
i

dij , over all j (1)

where dij is the lenght of the shortest path from node i to node j.

Nearnessi,t = 1/Farnessi,t (2)

Closenessi,t = Nearnessi ∗ (nodes− 1) (3)

The value is determined by the paths necessary to move from one node to a target node. This

implies that not necessarily the lead arranger with the highest number of connections is the most

central in the network.

To depict the influence of a lead arranger in a network we compute the Eigenvector centrality.

The Eigenvector centrality interpretation is more sophisticated. It reflects the influence of a lead

arranger in a network, and also in this case lead arrangers with few connections could have a

very high Eigenvector centrality if those few connections are with very well-connected other lead

arrangers. We compute it as follow:

EGVi,t =
∑
j

aij ∗ xj ∗ (t− 1) (4)

with the centrality at time t=0 being xj(0) = 1, ∀j

3.1.2. Other measures of interconnectedness

To gauge the portfolio diversification and interconnectedness of our lead arrangers, we compute

Cai et al. (2018) measures. First, we compute the monthly distance between two lead arrangers,
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as the normalized Euclidean norm in the J-dimension space between lead arranger i and k (i 6= k):

‖W‖ =
1√
2
∗
√∑

j

Wj
2 (5)

Where Wj=wi,t-wk,t is the difference between the lead arrangers i and k (i 6= k) portfolios weights.

Each lead arranger portfolio weight is wi,t. The J-dimension space consists of diversification across

the U.S. and 2-digit sector industrial codes. Intuitively, a distance equal to 100 between lead

arrangers i and k means that their portfolio of loans are completely different, while a distance equal

to 0 means that a full match (i.e. they both issued loans to borrowers belonging to the same 2-digit

SIC code or state).

Second, we use the measure of portfolios distance to compute the monthly level of intercon-

nectedness of the lead agents, which is defined as:

Interconnectednessi,t = [(1−
∑

xi,k,t ∗ ‖W‖) ∗ 100] (6)

We apply the same weighting schemes of xi,k,t proposed by Cai et al. (2018): equal-weighted,

size-weighted, relationship-weighted. The market-aggregate interconnectedness is computed as fol-

low:

Interconnectednessi,t =
∑ 1

Nt
∗ interconnectednessi,t (7)

The lead arranger monthly diversification is computed as:

Diversificationi,t = [1−
∑
j

(wi,k,t)
2] ∗ 100 (8)

3.2. Syndicated leveraged and covenant-lite loans risk

We compute the share of leveraged and covenant-lite loans hold by each lead arranger as follows.

First, for each syndicated loan on the data set, we distinguish between leveraged loans, covenant-lite

loans, both leveraged and covenant-lite loans, or other loans as follow:

Amounti,t =


Levi,t if l1 = 1, c1 = 0

CovLitei,t if l1 = 0, c1 = 1

Lev&CovLitei,t if l1 = 1, c1 = 1

Othi,t if l1 = 0, c1 = 0

l1 is a dummy variable that takes the value of one when the syndicated loan belongs to the

leveraged definition or zero otherwise; similarly, c1 takes the value of one when the loan belongs

to the covenant-lite definition or zero otherwise. If both l1=1 and c1=1 the loan is both leveraged

and covenant-lite; while if both the dummies are equal to zero the loan does not belong to any of

these groups. Consequently, for each lead arranger i and month t, Levi,t is the issuance amount
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of leveraged loans, CovLitei,t is the issuance amount of covenant-lite loans, Lev&CovLitei,t is the

issuance amount of both leveraged and covenant-lite loans, Othi,t is the issuance amount of other

loans that do not belong to any of these groups. It follows that the total portfolio amount of lead

arranger i in month t is equal to:

I∑
i=1

Levt + CovLitet + Lev&CovLitet + Otht = Totalt, (9)

The lead arrangers’ issuance amounts are computed using a 12-month rolling sum.

As a next step, we denote with SY-RISK our new measures of syndicated portfolio risk and

propose four different versions of them. Each version of SY-RISK allows us to measure the degree

of leveraged and covenant-lite loans in the lead arrangers portfolios, by considering its portfolio

magnitude on the market.

SY − RISKLev1
i,t measures the ratio between lead arranger’s leveraged loans and portfolio of

syndicated loans, weighted by the lead arranger issuance amount of leveraged loans over the total

syndicated leveraged issuance amount in the market. This provides us the magnitude of the lead

arranger leveraged loans portfolio within the leveraged loans market.

SY − RISKLev1
i,t =

Levi,t + Lev&CovLitei,t
Totali,t

∗ Levi,t + Lev&CovLitei,t
Levt + Lev&CovLitet

; (10)

We also compute SY − RISKLev2
i,t , which differently from SY − RISKLev1

i,t , weights the lead ar-

ranger amount of leveraged loans on the total syndicated loans amount issued in the market.

SY − RISKLev2
i,t =

Levi,t + Lev&CovLitei,t
Totali,t

∗ Levi,t + Lev&CovLitei,t
Totalt

; (11)

We also propose two more versions of SY-RISK, which accounts also for the covenant-lite loans.

SY − RISKLev&CovLite1
i,t measures the share of leveraged and covenant-lite loans in a lead arranger

portfolio, weighted by its share in the syndicated leveraged and cov-lite loans market.

SY − RISKLev&CovLite1
i,t =

Levi,t + Lev&CovLitei,t + CovLitei,t
Totali,t

∗ Levi,t + Lev&CovLitei,t + CovLitei,t
Levt + Lev&CovLitet + CovLitet

;

(12)

SY − RISKLev&CovLite2
i,t measures the share of leveraged and covenant-lite loans in a lead arranger

portfolio, weighted by its share in the whole syndicated loans market.

SY − RISKLev&CovLite2
i,t =

Levi,t + Lev&CovLitei,t + CovLitei,t
Totali,t

∗ Levi,t + Lev&CovLitei,t + CovLitei,t
Totalt

;

(13)

The measures are between zero and one. Nevertheless, there is never a month where a unique

financial institution has a fully leveraged portfolio and represents the whole market outstanding
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amount, i.e. an SY-RISK equal to one never occurs.

3.3. Measures of risk

Since the global financial crisis, multiple measures of systemic risk have been introduced in the

literature. In the main analysis, we employ the financial institutions’ systemic risk in billions of US

dollars (SRISKb). For further robustness, we look at the financial institutions’ contribution to the

financial system risk (SRISK%) and the standardized measure of SRISK (sSRISK). The measure

of SRISKb developed by Acharya et al. (2017) and Brownlees and Engle (2017), is defined as:

SRISK = E((k(D +MV )−MV |Crisis) (14)

= kD − (1− k)(1− LRMES)MV (15)

where: k is the regulatory capital requirement 6; D is the book value of debt which is calculated

as the book value of assets minus the book value of equity and does not change during the crisis

period; LRMES (Long-Run Marginal Expected Shortfall) is the expected fractional loss of the firm

equity when the market Index declines significantly in a six-month period7; MV is the current

market capitalization of the firm. Intuitively, the SRISK measures the expected capital shortfall

of the financial firm in the scenario of a systemic crisis where there is a market drop by more than

40% in a six-month period8. The SRISK% captures the proportional contribution of each financial

institution on the total positive SRISK amount of the financial system. Financial institutions with

a high SRISK% are the most affected during a crisis, and the ones that contribute the most to

amplify or prolong the crisis effects in the financial system.

4. Data and summary statistics

In this section, we describe the construction of our data set and present the summary statistics.

We use several different sources and merge several databases. Sections 4.1 refers to the syndicated

loans, section 4.2 the measures of interconnectedness, section 4.3 our novel measures of portfolio

risk, section 4.4 the measures of systemic risk and other sources of risk. We conclude with other

data employed in the analysis. As will be seen, we analyze in detail the data used to develop

this study. From our point of view, it’s the only way to understand the dynamics that govern the

syndicated loans market. This market is complex and we study how it is structured, how borrowers

are spread across states and industrial sectors, which lenders play a predominant role in the system,

6Coherently with the literature we assume an 8% capital requirement for the U.S. banks, and, to account
for accounting differences, 5.5% for the European institutions)

7It is calculated as 1-exp(log(1-d)*beta), where d is the six-month crisis threshold for the market index
decline and its default value is 40%; and beta is the firm’s CAPM beta.

8The threshold reflects the drop experienced in the financial market during the financial crisis of 2007-2009
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and what type of portfolios they hold.

4.1. Main Data-set

Our main data-set consists of all daily global syndicated loans issued in the U.S. region which

are sourced from the Thomson Reuters SDC Platinum Database. This database provides compre-

hensive coverage of the global syndicated loan market, with the specification for each loan whether

it is a leveraged, and/or covenant-lite loan, or it does not fall into one of these two categories
9. To make feasible the computations and manual merging among the databases employed, we

focus on the U.S. region. This region alone counts for almost half of the global syndicated loan

amount outstanding and has a 66% share of the global leveraged loans amount across the world,

as reported in Table A.1 in the appendix. This table provides a global overview of the syndicated

(and leveraged) market during 1988-2019. In terms of syndicated leveraged volume of lending in

Europe, the UK is the top country and represents a quarter of the total within the region; followed

by Germany, France, Spain, Netherlands, and Italy. In Asia-Pacific, China has almost double the

Japanese share, which is the second-largest market. In the Middle East, the United Arab Emirates

alone represents half of the regional share. The African regions are fragmented, and, as expected

from the weak presence of firms in the Middle region, this accounts for the lowest issuance share.

From the U.S. global syndicated database, we analyze a large set of variables that allow us

to identify at loan level its main characteristics in terms of the borrower, loan details, and syndi-

cated members.10 Table A.2 in the appendix describes the main variables gathered from the SDC

Platinum database and organized into three main groups (i.e. borrower details, syndicated loans

details, lenders details - syndicate members). 11.

Table 1 reports summary statistics for the U.S. global syndicated loans during 1988-2019, with

the detail of leveraged, covenant-lite, and both leveraged and covenant-lite loans.12

Looking at the syndicated loans’ total issuance amount, we can identify at least three trends in

the U.S. market. First, from the mid-’90s to the eve of the financial crisis the market surpasses the

9As communicated by Thomson Reuters: ”The loans are sourced from reliable sources, and, to be in-
cluded in the league tables are required to be signed, syndicated and have reached general syndication close.
Thomson Reuters will take a holistic view to determine whether a deal should be tracked in the investment
grade, leveraged, or highly leveraged league tables and will look to a series of variables including ratings,
pricing, debt ratios, and sponsor involvement to accurately determine appropriate accreditation.”

10Any summary statistics are available upon request.
11Any table/information to reconcile the information about states code, industrial codes, company status,

etc. is available upon request.
12The number of unique packages refers to what in Thomson is used to identify one or more loans that

belong to the same syndicated agreement. These loans are issued on the same date and to the same borrower
but for different purposes and/or with different conditions (ex. maturity, type of facility, interest rate,..).
For example, in January 2019, the borrower Charter Communications Inc received four different loans part
of the same syndicated agreement: two Term Loan A due in 2024 for respectively 1,692 and 2,350 million
of US dollars, and two revolving credit facilities due in 2024 for respectively 4,000 and 750 millions of US
dollars. Each of them has a different unique identifier code because they belong to the same borrower and
syndicate agreement, but a common package identifier code.
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trillion thresholds.13 During the global financial crisis, the market reversed its trend. In the three

years 2007-2009, the issuance amount dropped significantly by -116%. Similarly, a significant drop

is registered in the number of unique borrowers (-58%), unique loans (-78%), and unique packages

(-62%).14 Nevertheless, during the years after the global financial crisis, the market bounces off

and achieves a new record of above $3 trillion of syndicated loans issued in 2018. About the trend

of the syndicated leveraged loans, this is more variable. On the eve of the financial crisis, the

leveraged loan issuance amount achieves the first record. In 2007 the amount of loans issued in the

leveraged form accounts for more than $1 trillion and represents more than half of the syndicated

loans issued in the U.S. market (52%). During the global financial crisis, the leveraged loans

issuance amount is significantly resized (in 2009 is roughly 295$ billion). In the years that follow

the market thrived, and surpasses the pre-crisis level in 2013 and 2019, with a total leveraged loans

share of respectively 54% and 55% of the whole syndicated market. A completely different shape

characterizes the syndicated covenant-lite loans. Before 2006, there is no evidence of syndicated

covenant-lite loans in the SDC Platinum database. In 2007, there are only 34 covenant-lite loans

in the global syndicated U.S. market, accounting for 27$ billion. Almost 60% of the 27$ billions

of cov-lite loans have been issued for a leveraged buy-out purpose to First Data Corp 15, a leading

company in the provision of financial services (2-digit SIC 70-89) 16. This market remains at an

embryonic stage until 2012, but starting from the year 2013 these types of loans gain importance

among the syndicated loans. During the last decade, the covenant-lite loans have doubled their

issuance size and, as of the end of 2019, they represent almost a fourth of the global syndicated

market. The last group of Table 1 represents the syndicated loans which are both leveraged and

covenant-lite. These loans have the characteristic of belonging to highly risky borrowers and contain

low-protective covenants for the lender. Similarly, as for the loans belonging only to the cov-lite

group, the issuance trend is growing since 2007, suggesting a more pronounced deterioration of the

quality standards among loans that are already highly risky themselves (as is the case for loans

that are leveraged but not cov-lite, or vice versa).

13This is mainly driven by the booming trend in the U.S. economy, which during these years experienced
one of the longest periods of economic expansion of its history. Also, the syndicated market has been
characterized by an improved quality of information regarding the borrowers, as well as the reputation of
the agents (Dennis and Mullineaux, 2000).

14As documented by Ivashina and Scharfstein (2010), the issuance amount of lending fell across all types of
syndicated loans (i.e. term loans, investment grade, non-investment grade, etc.). Moreover, as investigated in
Giannetti and Laeven, (2012) the collapse in the global syndicated market during this period is characterized
by a so-called flight home effect. That is, lenders preferred to favor loans issued to local borrowers, instead
of overseas transactions.

15The Company has received a cov-lite term loan B due in 2014 of 14$B and a cov-lite revolving credit
facility due in 2013 of 2$B

16In September of the same year, the company has concluded a new syndicated agreement with the same
group of lead agents (at Parent Company level: Citigroup, Credit Suisse, Deutsche Bank, Goldman Sachs,
HSBC, Lehman Brothers, Merrill Lynch), but for two leveraged loans: a term loan and a bridge loan of
respectively 6.5$ and 2.5$ billion
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Our study includes the borrowers belonging to every industrial sector and the U.S.17 We analyze

the borrowers from a dual perspective, that is to which industrial sector they belong to and in

which State they are headquartered. Table A.3 in the appendix shows the share distribution

across industrial sectors, respectively in the whole syndicated loans market (Panel A), syndicated

leveraged loans market (Panel B), and syndicated covenant-lite loans market (Panel C), computed

as the issuance amount in that specific sector over the total issuance amount. The top sectors for

the whole syndicated, leveraged, and cov-lite loans, are Manufacturing (20-39), Finance, Insurance,

Real Estate (60-67), Transportation Public Utilities (40-49), and Services (70-89). This last one

is a driving sector, especially for the leveraged and cov-lite loans.

Fig. A.1 in the appendix represents how the issuance amount in the overall syndicated market

and the leveraged market is distributed across the U.S. Panel A represents the whole syndicated

loans market, while Panel B focuses on leveraged loans. There is an accentuated similarity of the

most relevant states (as of issuance amount and number of unique borrowers). The two figures

show a stronger concentration of the syndicated activity in the U.S. located on the east coast of

the region and less on the northwest side. The states Texas, California, and New York are the

top three for aggregate issuance amount during the period 1988-2019 (between 8% and 15% of the

total outstanding amount). Looking at the whole syndicated loans market, the States that follow

in terms of importance are Illinois, New Jersey, and Pennsylvania. While in the leveraged loans

market are Illinois, Pennsylvania, and Florida. It is not surprising that the states with the highest

shares of issuance loans are the ones with the highest GDP level within the region 18.

The last main analysis of the SDC Platinum database concerns the lenders in the syndicated

market. We restrict our analysis to the lead arrangers headquartered worldwide that issue syndi-

cated loans to U.S. borrowers. As explained in the literature, lead arrangers retain a larger stake

in the syndicated loan (Sufi, 2007) and are also active participants in almost 70% of the loans

(Cai, 2010). As explained in Ivashina and Scharfstein (2010), lead arrangers hold their share of

17We removed from the data set the loans for which the 2-digit SIC Code is not available and/or the
state where the borrower is headquartered is not mentioned. Overall, the data set is not affected by the
observations drop, because they account only for less than 2% of the total issuance amount.

18To further investigate the relationship between industrial sectors and states, we also look at the 2-SIC
across the different U.S.. Frequently, the most relevant industrial sectors by the U.S., coinciding with the
leading sectors for the local GDP. About the top countries, Texas’s top share belongs to the Transportation
Public Utility sector (40-49), which is defined by many economists as a ”super-sector”, because it employees
roughly 20% of the total non-farm employment in the State. The second and third largest shares belong
to the sectors Mining (10-14) and Manufacturing (20-39). These statistics suggest that the most relevant
sectors in the syndicated loans market reflect the main drivers of the Texas GDP, which is the top-ranked
among the states for the total energy production and, despite the slight decline of the manufacturing sector
over the past year, it remains one of the leading drivers. Focusing on the distribution of leveraged loans
across the industrial sectors in Texas, Transportation Public Utilities (40-49) and Mining (10-14) represent
the largest shares, followed by Services (70-89). Also for the second-largest states as of syndicated total
and leveraged loans issuance, both California’s and New York’s most relevant sectors are represented by the
industries that advance the two economies. During the recent years, both the States have experienced a
significant drop of the share belonging to the Finance, Insurance, Real Estate (60-67) sector (roughly 15%
less), partially compensated by the higher share of the Services (70-89) sector (roughly 10% more).
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each loan and sell the remaining part to investors. Starting from the analysis of daily loans, we

compute the lead arrangers’ portfolios by aggregating the data at a monthly level. Not surprisingly,

there is a strong presence of large financial institutions among the top lenders. To compute the

lead arrangers’ portfolios, we aggregate the amount from a Subsidiary- to a Parent-Company level.

Before doing this, we correct the Parent Company data according to the pre-M&A period in which

the Subsidiary has been involved, because one main issue that arises with Thomson data on syndi-

cated loans is that they reflect the last M&As that occurred. For example, Merrill Lynch’s Parent

Company before September 2008 should be Merrill Lynch. But the data provided displays that

the Parent Company of Merrill Lynch is Bank of America (BOA) because embeds the information

of the last acquisition. We correct the data set by considering all the M&As that occurred to the

financial institutions in our sample retroactively (for example for Merrill Lynch we adjusted the

Parent Company before September 2008). We merge the syndicated loans database with the M&A

Thomson One database. The merge of the data sets has been done mostly manually, as follows.

We extract from the M&A database the following information: effective date of the M&A, acquirer

ultimate parent company, target company, and description of the occurred M&A. We match the

name of the acquirer and target companies with one of the lead arrangers in the SDC Platinum

Database. Although for some institutions the name in the syndicated loans and M&A databases

coincides, for most of them the nomenclature is different and part of the matching has been done

manually. During the period 1988-2019, among the financial institutions included in our sample,

we find roughly 470 companies involved in mergers and acquisitions at a parent company level 19.

4.2. Syndicated Loans Networks

The data used to calibrate the syndicated networks are extrapolated from the main data set.

Each node of the network represents a lender, and the connections reflect the real loans relationships

between them. In Fig. 3 we graphically present the syndicated networks of the years 2009 (Panel

A) and 2019 (Panel B) 20. We include the top 93 lead arrangers, which provides a comprehensive

sub-sample of both systemically- and non-systemically relevant institutions. In the left-graphs, the

nodes are dark red-colored if the financial institutions are globally systemically relevant, light-red

colored if they are domestically-systemically relevant, while blue-colored if they do not belong to

this group. In the right graph, the nodes are colored according to the geographic area where the

financial institution is headquartered. The nodes are green for America, orange for Europe, cyan

for Asia, and yellow for Australia. There are two lines of connections (edges), and the edge is

colored in pink when the connection is between two lead arrangers, of which at least one of the

two is a systemically relevant institution. The edge is blue when the connection is between two

financial institutions, which are not in the systemically relevant group. Also, the dimension of the

19Table A.5 specifies some of the MAs involving some among the most relevant banks.
20The years 2009 and 2019 are characterized respectively by the lowest and highest network density during

the sample 2001-2019.
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node highlights the lead arranger share of leveraged and covenant-lite loans with respect to the

market (i.e. the largest the size of the node, the highest the lead arranger’s portfolio magnitude

of highly risky loans). The figures show a significant increase in the complexity of the syndicated

loan networks. Every period of the analysis is characterized by the presence of hubs and super-

hubs, which detect a large amount of leveraged and covenant-lite loans and have central roles in

the creation of loan relationships. This is evident especially for Bank of America, JPM, and Wells

Fargo (which name is highlighted in white into the corresponding node). The topological feature

of the networks, and especially that referring to 2019, reminds the concept of ‘too interconnected

to fail’ (TITF), which characterizes a high concentration of the connections between few financial

institutions, which are identified as super-spreaders (Markose et al., 2012). The financial crisis

period is characterized by a larger distance among systemically important banks and by more

local-based collaborations. The nodes related to the different geographic areas are more closed

to other nodes belonging to the same area. In 2019, the systemically important institutions are

very closed to the densest part of the network. Also, there is a significant increase in cross-border

relationships among the top lead arrangers, and the centrality of foreign financial institutions is

increasing (see for example the European and Asia financial institutions).

Table 3 reports key statistics of the syndicated networks. It includes the pre-, during, and

post-global financial crisis periods. The increase in the number of connections between the top

100 institutions is remarkable, during the period 2001-2019 the increase is about 166%. Among

them, systemically relevant institutions play a crucial role in creating contractual relationships

in the syndicated loans market. The density is the number of actual connections over the total

connections. Part of the global financial crisis period is characterized by a decreasing density, in

line with the drop of the loan issuance amount during 2008 and 2009 (refer to Table 1). The highest

density level of the network is achieved in 2019. Similarly, during 2017-2019 the average centrality

of the financial institutions is higher.

Table A.5 in the appendix summarizes the top twenty sources of connectedness in the syndicated

system, ranked according to the Eigenvector centrality. The analysis of the networks brings to

light several insights. First, the largest financial institutions are among the most central source

of connectedness, and they are involved in most of the mutual collaborations in the syndicated

loans market. Second, the most influential lead arrangers detect the highest shares of highly risky

loans in the market. This is not necessarily a piece of bad news. These central institutions are

strongly monitored by the Regulator, and after the global financial crisis, they have become more

resilient. Nevertheless, it could become a risk in case of insolvencies, because shocks can propagate

quickly. As we know, banks holding a large share of these loans have already found themselves in

trouble21. Looking at where the financial institutions are headquartered, we observe an overseas

trend going on in the system. Until the end of the global financial crisis, there is a larger presence

of U.S.-headquartered financial firms. While the post-crisis period is characterized by an increased

21See for instance FT June 25, 2019 ”Deutsche faces big hits on US leveraged-loan losses”
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presence of institutions headquartered overseas. In terms of highly risky portfolios, the aggregate

share of leveraged and covenant-lite loans held by overseas institutions is increasing. Lastly, several

of the top twenty financial institutions in the system are involved in M&As during the period of

analysis. Frequently, the acquired or merged companies remain in the top ranking

4.3. Syndicated leveraged and covenant-lite risk

Fig. 1 shows the box plots of the monthly measures of risk SY-RISK, computed according

to Eq. (8), (9), (10), and (11). The measures SY − RISKLev1
i,t and SY − RISKLev2

i,t are plotted

during the period 1989-2019. The two additional measures of risk, SY − RISKLev&CovLite1
i,t and

SY − RISKLev&CovLite2
i,t are plotted from 2007 because there are no data about global syndicated

cov-lite loans before this year. The plots show the magnitude of the financial institutions’ leveraged

and covenant-lite portfolios within the markets. Despite both the measures of SY-RISK in Eq. (8)

and (9) have a common part, weighting the financial institution ratio of risky loans by its presence

in the leveraged market or whole syndicated market makes a great difference. This is the case also

for Eq. (10) and (11). The measures of risk SY − RISKLev2
i,t and SY − RISKLev&CovLite2

i,t , which

are computed by weighting the financial institutions share of risky loans with respect to the whole

market, are on average low for many financial institutions. This suggests that although the finan-

cial institutions might have a great share of risky loans in their portfolio, its magnitude in terms of

issuance amount with respect to the syndicated market is limited. The financial institutions’ mea-

sures of risk increase significantly for SY − RISKLev1
i,t and SY − RISKLev&CovLite1

i,t , which measures

the importance of the financial institutions within the leveraged and cov-lite markets. Despite also

these two measures are low for many financial institutions, there is an increased presence of lead

arrangers holding a portfolio of highly risky loans and issuing a large share of leveraged and cov-lite

loans in the market. The maximum level of risk achieved by a unique financial institution is roughly

10%. The top financial institutions closed to this level are Manufacturers Hanover Corporation in

1990, Bankers Trust in 1993, and Bank of America in 2009 and 2010.

Fig. 2 shows the relationship between systemic risk and SY − RISKLev&CovLite1
i,t for six main

financial institutions. For the U.S. market, we show Bank of America BofA (previously Bank of

America Merrill Lynch, and Bank of America before the acquisition of Merrill Lynch), Lehman

Brothers, and Citigroup. For the other regions, we include Bank of Montreal (Canada), HSBC

Holdings (Europe), BNP Paribas (Europe), Santander Group (Europe), Industrial Commercial

Bank of China Ltd (Asia), and Mitsubishi UFJ Financial Group (Asia). Despite that for some

financial institutions, the dispersion is larger than others, the scatter plots suggest a positive rela-

tionship between the two variables in all these cases.
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4.4. Systemic risk measures and sources of risk

Table 2 presents summary statistics for the main dependent variables employed in the panel

regression analysis. The data are organized at a country level and include 16,134 observations of

financial institutions across 24 countries worldwide22. The U.S. region accounts for the largest

number of financial institutions in the sample, followed by the UK, Canada, and Japan. Among

the financial institutions in the U.S. which contribute mostly to the increased systemic risk during

the 2000-2019 period, there are JPMorgan Chase Co, Citigroup Inc, Morgan Stanley, and Bank

of America Corp. Among the UK-based financial institutions, a leading role is played by Barclays

PLC, Royal Bank of Scotland Group PLC, HSBC Holdings PLC, and Lloyds Banking Group

PLC. In the Canadian financial system, the most systemically relevant financial institutions are

the Bank of Montreal, Toronto-Dominion Bank, and Bank of Nova Scotia. The Japanese financial

institutions’ average level of systemic risk is mainly driven by the increased level of risk after the

global financial crisis of Mitsubishi UFJ Financial Group, Mizuho Financial Group, and Summit

Financial Group. In the Asian area key systemically relevant institutions are based in China (among

the top there are Bank of China Ltd and China Construction Bank Corp). Lastly, the European-

based financial institutions that contribute the most to increase the average value of systemic risk

are headquartered in France, Germany, the UK, Italy, Switzerland, and Spain.

4.5. Other data

To develop our main analysis we gather additional data from external sources and merge them

into our main dataset, which contains all the data described in the above sub-sections. First, to

distinguish between periods of recession and non-recession and check whether our main results are

robust, we introduce other dummy variables. For the U.S. region, we employ two dummy variables,

which are respectively the USRECD and USRECDM 23. For the analysis at the regional level, we

also employ variables detecting the recession period in the Euro Area, Asia, and Australia. Table

A.4 in the appendix describes each of these variables and specifies the NBER- or OECD-based

periods of recession.

We investigate the possible determinants of the novel measures of syndicated risk. For this pur-

pose, we distinguish between the systemically- or non-systemically-important institutions. Among

the set of systemically relevant institutions we differentiate between globally systemically relevant

banks, and domestically systemically relevant banks, and globally systemically relevant insurance.

For this purpose, we introduce a categorical variable accordingly to the type of financial institution.

We gather the list of Globally Systemically Important Banks (G-SIBs) by the Financial Stability

22As mentioned in the introduction, in the global syndicated database, the borrowers belong to the U.S.,
while the lenders are headquartered worldwide.

23We also employ the USRECDP but the dummy variable is the same as the USRECDM for the period
2000-2019
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Board list published in 2019 24 To enrich the list, we add the D-SIBs (domestically systemically

important banks) and Other Systemically Important Institutions (O-SIIs) around the world by

gathering information from public sources. 25.

Since the list of systemically relevant institutions has been created after the global financial

crisis, we assume for each institution present in the document to be systemically relevant during

the whole sample period.

5. Results

In this section, we present and discuss our main empirical findings. We start by investigating

some possible determinants of our novel measures of portfolio risk. Then, we move to the core of

our panel regression analysis. We aim to answer whether the centrality of a financial institution in

the syndicated network and its magnitude of low-quality loans are significant in explaining systemic

risk variations. We conclude with several robustness tests.

5.1. Syndication risk and Systemically Important Financial Institutions

In this section, we attempt to better understand which might be possible determinants of the

magnitude of highly risky loans detected by the financial institutions in the sample. To this end,

we look for several factors, based on what we observed from the summary statistics and network

analysis. First, we look at the possible relationship between systemic importance and geographic

location. We include three variables, which are given by the interaction of the dummy variable

equal to one if the financial institution is Globally-Systemically Important Bank (G-SIBs) and the

region of headquarter of the financial institution (respectively to the American, European or Asian

region26). We add the measures of interconnectedness, total assets, the number of specializations in

the syndicated market27, the portfolio diversification. The regression model is estimated as follow:

SY −RISKLev1
i,t = α+ β1(GSIBsi ∗ USi) + β2(GSIBsi ∗ EUi) + β3(GSIBsi ∗ASIAi)

+ β4Interconnectednessi,t + β5TotalAssetsi,t + β6MarketSizet

+ β7Diversificationi,t + β8NumberSpecializationsi,t

+ β9SRISKbi,t + ei.t

(16)

Given the strong similarities among the measures of syndicated risk, we report for simplicity the

results when employing as a dependent variable SY − RISKLev1
i,t . Similarly, we report the results

24Refer to the FSB list: G-SIBs, 2019.
25Refer to the following documents. FED, 2013; BIS, 2016; EBA (O-SIIs), 2019; Canada (D-SIBs), 2018;

Australia (D-SIBs), 2013;Japan (D-SIBs), 2016
26The Australian region is not included in this sample as there are no GSIBs located in Australia
27The number of specialization is computed by following Cai et al. (2018).

17

https://www.fsb.org/wp-content/uploads/P221119-1.pdf
https://www.federalreserve.gov/bankinforeg/ccar-2013-results-20130314.pdf
https://www.bis.org/bcbs/publ/d369.pdf
https://www.eba.europa.eu/risk-analysis-and-data/other-systemically-important-institutions-o-siis-
https://www.osfi-bsif.gc.ca/Eng/osfi-bsif/med/Pages/nr20180821.aspx
https://www.apra.gov.au/sites/default/files/information-paper-domestic-systemically-important-banks-in-australia-december-2013.pdf
https://www.bis.org/bcbs/publ/d371.pdf


for the equally-, size-, and relationship-weighted interconnectedness computed only at 2-digit sic

level28.

The results suggest that GSIBs headquartered in the U.S. contributes mostly to the historical

increase of highly risky loans. As a contrary, Asian GSIBs present lower level of SY − RISKLev1
i,t .

Future research may include the participation of Asian institutions on loans issued in other regions

(then the U.S.). The coefficient of the European GSIBs is not statistically significant. The result

could be not so surprising if we consider the great heterogeneity of the financial sectors across

each country in the Region. In this regard, future research exploiting participation in highly risky

lending of financial firms across European states might provide useful insights. All the coefficients

of the measures of interconnectedness suggest a significant relationship between interconnectedness

and SY − RISKLev1
i,t . This relationship could be understood also by looking at the topology of the

networks and the presence of central financial institutions that hold large portfolios of highly risky

loans.

In Table A.7 and A.8 of the appendix, we report also the regression analysis when enlarging

the sample of systemically relevant institutions to the G-SIIs and D-SIBs. Given the presence of

Australian D-SIBs in our sample, in table A.8 we include also this geographic location.29 Simi-

larly as for the Asian region, the coefficient of the interaction between D-SIBs and the Australian

institutions suggests that Australian banks carry lower SY − RISKLev1
i,t .

Overall, the results obtained seem to suggest the following. The increasing magnitude of highly

risky loans in the U.S. syndicated market is explicable mostly by the U.S. headquartered systemat-

ically relevant institutions. Banks and insurers located in Asia and Australia tend to decrease the

magnitude of highly risky loans lend to US borrowers. The coefficients of the European region are

not statistically significant and this may be induced by the diversities across the European States.

5.2. Systemic risk, syndication risk and interconnectedness

To analyze the relationship between the financial institutions’ systemic risk and the novel mea-

sures of syndicated risk we estimate several models. Table A.6 shows Pearson correlation coefficients

for the main variables of interest included in this analysis. Overall the coefficients are all signifi-

cant at the 1% level, indicating a positive relationship between these variables. As expected, the

correlation between measures of interconnectedness is high.

In our main regression analysis, we employ as a dependent variable the first difference of SRISKb

(hereafter called ∆ SRISKb) in billions of US dollars (hereafter called SRISKb). Despite for some

financial institutions, SRISKb is stationary, for most of the leading financial institutions in the

sample, this is not the case especially during periods of recession (ex. J.P. Morgan, Citigroup,

Bank of America,...). As common when computing the dependent variable in first difference, the

28The analysis at regional level is available upon request.
29In the previous analysis it was not included because in the sample of G-SIBs and G-SIIs there are no

financial institutions belonging to this region.
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value of r2 is very low. Nevertheless, we replicated the analysis by employing also SRISBb and the

interpretation of the variables of interest remains unchanged30.

In all our models we include a common set of variables. The aforementioned dependent variable

of ∆ SRISKb and a set of control variables that include the recession dummy 31, total assets in

billions ($), market share (%), market size in billions ($), one-period lagged SRISKb. We estimate

regressions with lead arranger fixed effects to account for unobserved heterogeneity across our

sample financial institutions. Standard errors are clustered at the lead arranger level.

The general form of the panel regression is as follow:

∆SystemicRiski,t = α+ β1(SyndicationRiski,t ∗Recessioni)

+ β2(SyndicationRiski,t ∗Non−Recessioni)+

+ β3(Interconnectednessi,t ∗Recessioni)

+ β4(Interconnectednessi,t ∗Non−Recessioni) + β5Recessioni

+ +β6RiskyLoanAmounti,t + β7TotalAssetsi,t

+ β8MarketSharei,t + β9MarketSizei,t

+ β10LaggedSystemicRiski,t + FinancialInstitution′i + ei.t

(17)

To answer the question of whether a more central or influential financial institution in the

syndicated network is more sensitive to systemic risk, we employ three measures of centrality

extrapolated from the syndicated networks. Table 5 presents the result when we employ as a proxy

for the interconnectedness the Eigenvector centrality (Eig-C), the Closeness centrality, and the

Farness centrality (computed respectively as of Eq. 4, 3, and 1). In model specifications (1), (4), and

(7) we consider as the main variable of interest the measure of centrality interacted with periods of

recession and non-recession. In line with our expectations, they are all statistically significant at the

1% level, suggesting a greater propensity of central financial institutions to systemic risk increases.

In the other specifications we add also SY − RISKLev1
i,t and SY − RISKLev&CovLite1

i,t , computed as of

Eq. 10 and Eq. 12, and interacted with period of recession and non-recession. The coefficients on

the different versions of SY-RISK interacted with the recession dummy are positive and statistically

significant, across all the different model specifications. These preliminary analysis indicates that

both SY − RISKLev1
i,t and SY − RISKLev&CovLite1

i,t are good determinants of systemic risk variations.

Nevertheless, the results for the Eigenvector and Farness centrality are not robust across all the

models’ specifications. While these centrality measures are highly correlated with each other, they

measure different aspects of the financial institution’s positioning. These preliminary results seem

to suggest that when introducing other variables of risk, only the proxy of interconnectedness that

30The results are available upon request
31In our baseline models we employ the USRECD NBER recession dummy described in table A.4, in line

with previous literature.
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captures the closeness between financial institutions has some explanatory power on the model.

Testing our H0-hypothesis, we see that both the Eigenvector and Closeness centrality increases

∆ SRISKb during bad times in the economy, but not during normal times, and the difference

is highly significant. Similarly, a higher magnitude of risky loans in the lead arranger portfolio

amplifies the effect of systemic risk variations during bad times.

To further investigate our results we employ also the equally-, size- and relationship-weighted

interconnectedness, computed based on euclidean distances as explained in subsection 3.1.2. Table 6

shows the results, when computing these measures of interconnectedness across the industry (Panel

A) and states aggregation (Panel B). The results are in line with the previous ones when diversifying

across industries sectors. Similarly, the coefficients on the different versions of SY-RISK interacted

with the recession dummy are positive and statistically significant, across the model specification.

These findings confirm the goodness of the syndicated measures of syndicated risk as determinants

of systemic risk variations. On other hand, the coefficients of equally- and relationship-weighted

interconnectedness are not robust across all the models’ specifications. Nevertheless, the results for

the size-weighted interconnectedness interacted with recession are robust across any model. The

results are not surprising for at least two reasons. First, intuitively among the three measures

proposed based on the Euclidean distance, this embeds one of the most significant explanatory

variables of SRISKb (Bostandzic and Weiß, 2018; Vallascas and Keasey, 2012; Laeven et al., 2016).

Second, as shown in Varotto and Zhao (2018) a simple standardization can lead to measures of

systemic risk able to predict effective periods of a financial crisis. Our regression analysis seems to

suggest that standardization also has good effects in creating measures that explain systemic risk,

as in the case of size-weighted interconnectedness.

In Panel B we show the results by computing the measures of interconnectedness across states

aggregation (Panel B). We achieve the same conclusion on our novel measures of syndication risk,

which coefficient interacted with periods of recession is statistically significant at the 1% level

across all the model specifications. Nevertheless, the previous conclusions on interconnectedness

are different because the measure interacted with periods of non-recession has a negative and

significant coefficient in models specifications (1) to (4). The results seem to support theories on

the beneficial effects of creating synergies among financial institutions and syndicating loans during

non-recession periods. Nevertheless, they are not robust.

Overall our models present a low adj. R-sq. We deepened this point in several ways and

conclude that by employing as a dependent variable the first difference of SRISKb to guarantee

the variable stationarity, it is difficult to have a significant improvement of the adj. R-sq. In line

with other studies in the literature, we re-estimate all the models also by employing the dependent

variable in absolute value, which leads to a very high adj. R-sq. The interpretation of the results

remains changed. 32

.

32The results are available upon request.
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5.3. Robustness

To complement the main analysis discussed in the above section, we perform a large set of ro-

bustness tests on our main findings, by using additional data and different model specifications. All

the results related to the robustness checks are available in the robustness section of the appendix.33

Firstly, a possible concern might be that by employing a different index to depict the periods of

recession and non-recession in the U.S. economy the results are not robust. In the main analysis,

the variable used to identify the periods of recession is the NBER-based dummy commonly used

in the literature (refer to Table A.4). Here we employ additional variables to detect the periods

of recession and non-recession. Different from the main analyses, we introduce the USRECDM

variable to distinguish between U.S. recession and non-recession periods (refer to Table A.4). This

NBER-based variable depicts different periods of recession from the one employed in the main

analysis 34, i.e March 2001 and December 2007 are identified as recession periods, while November

2001 and June 2009 are identified as non-recession periods. Table R.1 and R.2 in the appendix

show the results, which are robust.

Furthermore, concerns in this regard might be that the dummy employed in the analysis depicts

periods of recession only in the U.S. economy, which is the one related to where the borrowers in

the analysis are headquartered. One could argue that the sample includes a wide set of financial

institutions based in the U.S., but also different regions and the recession periods identified are

not related to the regions in which these institutions are based. We control for this by looking at

the main geographic area in which each financial institution operates. To this extent, we identify

the periods of recession and non-recession in the regions where the financial institutions are based

(i.e. America, Europe, Asia, Australia). The results are reported in Table R.3 and R.4 in the

robustness appendix. The conclusions about the measures of syndicated risk are not unaffected.

While the measures of interconnectedness are not robust. This is not surprising because already in

the main analysis we observed that the results are affected depending on how these measures are

computed and which variables are added in the model. In this case, it is clear that by identifying

the periods of recession differently it is possible to reach different conclusions about the impact of

interconnection on systemic risk.

Regarding the novel measures of syndicated portfolio risk, it could be argued that the measure

so far employed in the regression analysis, accounts for the lead arranger magnitude in the leveraged

and cov-lite markets (refer to Eq. (4) and (6)), instead of its magnitude in the whole syndicated

market. Then, we compute SY-RISK according to Eq. (11) and (13) and re-run the previous panel

regressions. The results for the measures of syndicated risk are reported in Table R.5 and R.6

and they are robust across the numerous model specifications and variables included. The analysis

points out that that the financial institutions’ magnitude of risky loans in the overall market is a

33For simplicity in each table we include only the main variables of interest, but the full version is available
upon request.

34For the detailed explanation refer to https://fred.stlouisfed.org/series/USRECDM.
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valid explanatory variable of systemic risk.

To complement the robustness tests we replaced our main dependent variable with two al-

ternative measures of systemic risk, respectively the Long-Run Marginal Expected Shortfall and

SRISK% (Acharya et al., 2012). The results by replacing the dependent variable with ∆LRMES

and ∆SRISK% are reported in tables from R.7 to R.10. The main conclusion about the interaction

between the variable of syndicated risk and periods of recession remains unchanged. While, as can

be seen from table R.8 and R.10, some of the coefficients of the variable interacted with periods of

non-recession are significant and positive. However, the results are not robust across the numerous

models estimated so we can’t reach a unique conclusion for the non-recession period.

6. Conclusions

In this paper, we study the U.S. global syndicated loans market, especially in the form of

leveraged and covenant-lite loans. We document the quality loan deterioration that characterizes

the U.S. global syndicated loans in the last decades. Mostly concentrated in the states of Texas,

California, New York, Illinois, Florida, and Pennsylvania, the main leveraged and covenant-lite

borrowers belong especially to the Manufacturing (20-39), Finance, Insurance, Real Estate (60-67),

Transportation Public Utilities (40-49) and Services (70-89) industrial sectors.

To better understand the mechanism driving the increased fashion of the global syndicated

market we study the topology of the financial networks in this system. The historical evolution

shows a leading presence of systemically relevant financial institutions, which are the key source of

connectedness in the market. Very frequently, the central sources of connectedness correspond also

to the financial institutions holding the highest share of leveraged and covenant-lite loans in their

portfolios.

Inspired by the positive relationship between the interconnectedness and share of leveraged and

covenant-lite loans, we develop four novel measures of syndicated portfolio risk. We propose differ-

ent versions of SY-RISK, able to depict in different ways the magnitude of the financial institutions

in the leveraged and covenant-lite markets. SY-RISK is intended to empirically show how the mag-

nitude of the portfolio of leveraged and covenant-lite loans that a bank holds is informative about

financial institutions’ systemic risk variation. We show that SY-RISK can explain the systemic risk

contribution of leading financial institutions in the whole market.

While our research focuses on loans issued to U.S. headquartered borrowers, it may be extended

to other leading regions like Europe and Asia-Pacific. This would help to better gauge the impact

of global institutions in high-risk lending. Lastly, future analysis could be on the credit risk em-

bedded in syndicated leveraged and covenant-lite loans, looking especially at the post-Covid-19

implications.
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