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1. Introduction

The interbank market is an important but fragile source of financing for banks. In Germany,
domestic interbank claims outstanding at the end of 2007 make up around 14% of the banking
sector’s total asset size.! In this large over-the-counter market, trading between banks resembles
Fig. 1(a), wherein a small subset of large banks (blue circles) serves as interbank intermediaries
by borrowing from a large number of lending banks (green circles) and then lending the funds to a
large number of borrowing banks (yellow circles). During the Great Financial Crisis, some of these
large intermediary banks were directly exposed to losses from subprime assets in the United States
(purple circles in Fig. 1(b)). Notably, these losses triggered funding cost shocks that spilled over
through the interbank network to a large number of connected borrowing banks, which collectively

contracted their loan supply to the real economy (red circles in Fig. 1(b)).

In this paper, we show that funding shocks to one bank can amplify along a sticky and con-
centrated interbank network to contract lending to firms by a large number of other banks. The
amplification of a funding shock that affects one bank to a collective reduction in loan supply by a

large number of other banks is a newly identified form of systemic risk.

We first present and estimate a novel model of the interbank network. Much of the work
on interbank markets rationalizes these markets as an arrangement to smooth the idiosyncratic
liquidity needs of banks (Allen and Gale, 2000). But this explanation does not square with the
facts of the German interbank market, in which the bulk of interbank loans are longer-term in
nature to balance persistent funding needs between banks that consistently lend and those that
consistently borrow. Moreover, borrowing banks delegate their borrowing from lending banks to a
small set of large and well-diversified intermediary banks. We argue that this arrangement arises to
reduce inefficiencies from duplicated monitoring. As in Diamond (1984), delegating monitoring

to diversified intermediaries can lower economy-wide monitoring costs.

After developing our model, we structurally estimate the unobserved monitoring costs through
revealed preferences of the observed network structure. Monitoring costs are crucial in determining
the magnitude of systemic risk. Intuitively, when monitoring costs are low, borrowing banks that
are connected to exposed intermediaries can easily form new interbank credit relationships to avoid
being affected by shocks to these intermediaries. As monitoring becomes more expensive, the
rigidity of adjusting credit relationships increases, and borrowing banks become more exposed to
the shocks of their connected intermediaries. This was evident in the Great Financial Crisis, when
only some of the borrowing banks that were connected to exposed intermediaries could “afford”

to form new credit relationships. As an out-of-sample check, we show that our pre-crisis model

The volume of interbank loans is calculated as the sum of consolidated domestic interbank positions.



estimates of monitoring costs predict 86% of the changes in credit relationships during the post-
crisis period. They also predict the spillover of intermediary banks’ funding-cost shocks to the

loans that borrowing banks make to firms.

Finally, we conduct counterfactuals, which show that a small impact to intermediary bank capi-
tal can curtail lending to a large number of borrowing banks. We selectively shock individual banks
and trace how the heightened credit risk at one bank increases funding costs through a network of

sticky interbank relationships to ultimately contract lending by a large number of connected banks.

We obtain these findings by taking a structural approach to a dataset consisting of all interbank
loans in Germany from 2005:Q1 to 2009:Q4. We begin by making several empirical observations
that motivate our notion of interbank intermediation. First, there is a subset of banks that always
borrows, while the remaining ones always lend. The identity of these borrowing and lending
banks is highly stable. This pattern cannot be fully explained by the liquidity insurance literature,
which originates in the model of Allen and Gale (2000). According to this view, the direction of
loan flows should fluctuate depending on the realization of idiosyncratic liquidity shocks. Second,
borrowing banks are larger than lending banks and, on average, require four times the amount that
a given lending bank can provide. If they directly borrowed from lending banks, costly monitoring
would have to be duplicated an average of four times.> Third, the interbank market structure and
the distribution of loan flows avoid this inefficiency—borrowers link to only a few large banks,
which then borrow from lenders on their behalf. These observations suggest that the large banks

act as interbank intermediaries similar to the intermediaries in Diamond (1984).

Based on our empirical observations, we develop and estimate a structural model to uncover
unobserved monitoring costs through the interbank lending market. In the model, borrowers can
choose to form credit relationships with intermediaries. This arrangement reduces the duplication
of monitoring under direct lending but requires that borrowers share part of the surplus with the
intermediary. The surplus split is determined by bilateral Nash bargaining with renegotiable con-
tracts. Borrowers can capture more of the total surplus by investing in more costly monitoring
relationships. At the same time, intermediaries’ funding costs are affected by which borrowers
they choose to link and lend to. Since lending banks monitor intermediary banks through a stan-
dard state verification technology (Townsend, 1979), improved diversification of an intermediary’s
portfolio lowers its probability of default and thus its expected funding cost. As banks consider
these tradeoffs when deciding on their links, any observed link must have yielded a net surplus,

while any link not in the data must have been more costly than its benefits.

The above logic implies a series of inequality restrictions on monitoring costs equivalent to

2 Although monitoring is conducted by lending banks, a share of the monitoring cost is passed on to borrowing banks
through loan rates and fees.



a pairwise stable equilibrium. Using balance sheet information on bank profitability and charac-
teristics, we apply a variant of the Manski maximum score estimator to identify monitoring cost
parameters that best rationalize the preferences revealed by the observed interbank network. Intu-
itively, since borrowers’ share of the surplus increases with the number of linked intermediaries,
borrowers with higher returns and thus a higher surplus benefit the most from choosing to establish
more links. Hence, the number of links formed by differentially profitable borrowing banks with
the same set of intermediaries uncover monitoring costs relative to the value of loans. Further,
since lenders’ expected state verification cost decreases as the intermediary becomes more diver-
sified, links formed by the same borrower with different sets of intermediaries reveal the relative

magnitude of the state verification cost parameter.

We find that the average borrower invests in two links with intermediaries and incurs monitor-
ing costs of 48.5 bps per euro out of a loan spread of 228 bps per euro. In comparison, expected
state verification costs for the same borrower are much less, at 4.6 bps per euro. Without inter-
mediation, direct borrowing of the same bank would, on average, require the formation of four
monitoring relationships at double the monitoring cost. The high cost of forming new credit rela-
tionships gives rise to the stickiness of the network, which exposes borrowing banks to shocks of

their initially linked intermediaries.

These forces were evident during the Great Financial Crisis, which we utilize as an out-of-
sample test to verify our model mechanism and estimates. In Germany, the main direct exposure
to the US crisis was through losses in asset-backed commercial paper conduits by a few interna-
tionally exposed banks that comprised a subset of the intermediary banks. In the data, we observe
that borrowers linked to more-exposed intermediaries formed more new links. Viewed through the
lens of our model, when an intermediary suffers a spike in credit risk, its cost of funding rises, and
the increase is then passed on to its connected borrowing banks. Borrowing banks decide between
continuing funding at the increased rates with the previous credit links and paying the cost of a new
credit relationship with an unexposed intermediary. Our pre-crisis estimates allow us to quantify
this tradeoff. We verify the pairwise stability conditions for all new links, whether formed or not
formed, using computations based on pre-crisis parameter estimates. Indeed, we find that 86% of

the post-crisis link switches from 2007:Q3 to 2009:Q4 were correctly predicted.

The exposure to intermediary banks spilled over to many dependent borrowing banks, which
subsequently contracted their loan supply to the real economy. Using the estimated cost parame-
ters, we calculate the total change in funding costs for each bank. We find that borrowing banks’
observed decline in lending to firms is highly correlated with their model-implied rise in funding
costs. Quantitatively, a 100 bps increase in a borrowing bank’s funding costs reduced its loan sup-

ply to firms by 5.5%, which shows that interbank loans are an important source of funding that



cannot be substituted away. If new links could be formed frictionlessly, borrowing banks could
have fully switched to borrowing from new and unexposed intermediaries. Hence, costly inter-
bank monitoring relationships allowed shocks to highly connected intermediary banks to spill over
to affect the cost and volume of funding for a large number of borrowing banks, which collectively

curtailed their lending to the real economy.

We enrich our baseline model with two realistic features to check for robustness and to generate
counterfactual predictions. First, we allow banks to choose funding volumes together with their
links. Banks are assumed to face downward-sloping demand curves such that lower funding costs
increase their loans fundable. At the same time, we allow borrowers and intermediaries to use the
European Cental Bank’s (ECB’s) Long Term Refinancing Operation (LTRO) as an outside option
for interbank funding.3 With sufficient collateral, banks can borrow from the ECB to lower their

average funding costs to fund more assets.

Finally, we analyze various counterfactual scenarios. First, we consider the effect of a 50
bps increase in the funding cost that a given intermediary pays to its lending banks. For highly
connected intermediaries, the resulting drop in loans fundable through the interbank market is 5.9%
of the aggregate interbank loan volume. Meanwhile, access to ECB funding had a limited effect
during our sample period due to collateral constraints at borrowing banks and binding allotment
quotas. An economy-wide 50 bps drop in ECB funding rates increases loans fundable by only
2.96%. Thus, shocks to one highly connected intermediary can lead to larger loan volume losses

than what economy-wide interest rate cuts of the same magnitude can ameliorate.

The network amplification of funding shocks that intensifies loan contractions highlights a new
source of systemic risk in interbank markets. Although the specific definition of systemic risk
varies, one common theme is how a shock to an institution can spill over to have a large system-
wide impact. For example, Billio et al. (2012), Adrian and Brunnermeier (2016), and Acharya et al.
(2017) take a global approach to measure how losses and poor performance at a given institution
coincide and contribute to system-wide distress.* When the mechanism of contagion is examined
in interbank networks, the focus has mostly been on how the default of one institution propagates
along its interbank liabilities to cause the default of other institutions (e.g., Eisenberg and Noe,
2001; Elliott et al., 2014; Acemoglu et al., 2015). Our channel of systemic risk does not require
default cascades.’ Rather, some banks are systemically important because an idiosyncratic funding

3The ECB also provides shorter-term financing through its Main Refinancing Operation. We use the LTRO because
the maturity of its loans is closer to that of interbank loans and it comprises the vast majority of total central bank
borrowing on bank balance sheets.

4Please refer to Benoit et al. (2017) for a literature review on systemic risk.

3Qur perspective is in part motivated by the empirical observation has been that no bank ever failed because of losses
on the interbank market (Upper, 2011).



shock to them can increase funding costs at a large number of other banks that then collectively
contract their lending to the real economy. As we show, this amplification of funding shocks arises
because a large number of borrowing banks form costly-to-adjust monitoring relationships with a

concentrated set of intermediary banks to obtain funding in the interbank market.

This paper makes a number of contributions to the literature. First, we provide a new ex-
planation for the existence of interbank markets, which has previously been attributed to mutual
insurance against liquidity shocks, as in Allen and Gale (2000). Many papers followed to expand
on their idea. For theory, recent examples include Brusco and Castiglionesi (2007), Castiglionesi
and Wagner (2013), and Ladley (2013). Empirical studies include Cocco et al. (2009) for the Por-
tuguese market and Afonso et al. (2013) for the US market. Persistence in the identity of interbank
borrowers and lenders suggests that a key function of interbank markets lies in balancing persistent

funding needs, which bears important systemic implications.

Our structural model also contributes to the literature on financial networks. On the theory
front, a recent set of papers examined the drivers of core-periphery structures in over-the-counter
(OTC) markets (Farboodi, 2014; Hugonnier et al., 2014; Afonso and Lagos, 2015; Wang, 2016;
Chang and Zhang, 2018; Babus and Hu, 2017; Hendershott et al., 2020).6 We provide a new
motivation for the emergence of core-periphery structures in the interbank lending market based on
delegated monitoring, as in Diamond (1984). The presence of monitoring in networks has mostly
been identified in a number of reduced-form empirical papers (e.g., Furfine, 2001; Cocco et al.,
2009; Affinito, 2012; Afonso et al., 2013). More recently, Gofman (2017), Blasques et al. (2018),
and Denbee et al. (2021) take a structural approach to study interbank markets. Our structural
model is novel in applying the maximum scores estimator to quantify interbank monitoring costs,
which captures the stickiness for the network structure to adjust and the potential for funding

shocks to amplify.

We also contribute to the discussion of interbank funding shortages during financial crises by
incorporating the underlying network structure. There are a number of theories on how increases in
counterparty risk raise the cost of external financing (e.g., Flannery, 1996; Freixas and Jorge, 2008;
Heider et al., 2015). Empirical evidence for interbank funding shortages in the Great Financial
Crisis is also provided by Afonso et al. (2011), Iyer et al. (2013), Kuo et al. (2014), and Gabrieli
and Georg (2014). We extend the analysis to a network context, in which increases in default risk at
intermediary banks imply higher funding costs that spill over to their connected borrowing banks.

We also find stressed interbank funding conditions following the Great Financial Crisis and further

%A number of empirical papers have documented core-periphery structures in OTC markets, including the federal
funds market (Bech and Atalay, 2010; Afonso et al., 2013); the Austrian interbank market (Boss et al., 2004), the
Brazilian interbank market (Chang et al., 2008) and the Dutch interbank market (in’t Veld and van Lelyveld, 2014).

5



demonstrate the importance of the underlying network structure.

Finally, we add to the literature on the transmission of bank liquidity shocks to firms (e.g.,
Paravisini, 2008; Khwaja and Mian, 2008; Schnabl, 2012; Iyer et al., 2013). We highlight that
increases in interbank funding costs may not be solely the result of the increased credit risk of a
bank itself. A large number of banks may suffer hikes in funding costs and cuts in funding volume
if they are borrowing from an intermediary bank that has suffered credit-risk shocks. Our structural
model quantifies the systemic importance of this amplification mechanism and the transmission to

firm loan supply.

The paper is arranged as follows. In Section 2, we explain the empirical evidence for interbank
intermediation. In Section 3, we introduce a model of interbank intermediation and this model is
structurally estimated in Section 4. In Section 5, the estimated parameters are used to check out-of-
sample changes in the network following the Great Financial Crisis. In Section 6, we explore the
effect of disruptions in interbank markets on the supply of loans to nonfinancial firms. In Section

7, we extend the baseline model and conduct counterfactuals. We conclude in Section 8.

2. The German interbank lending market

We use the German credit registry database, which records, on a bilateral basis, loans between
firms and financial institutions on the last business day of each quarter that amounted to at least
€ 1.5 million at some point during the quarter. Almost 100% of interbank loans and about 60% of
loans to nonfinancial firms are covered (Schmieder, 2006).” Although the data contain only loan
volumes and no loan rates, our revealed preference approach allows us to circumvent the lack of
price data. To provide insight on the characteristics of banks in different network positions, we
match the credit registry with bank balance sheets and consolidate by banking group. The banking

groups are consolidated to eliminate funding flows within the group.

We next present a set of facts that are central to motivating our structural model. We then review
relevant results in the literature and describe our findings regarding the persistence, characteristics,

and network connectivity of lending and borrowing banks.

"Despite the high coverage of interbank loans, a few low volume links may temporarily disappear from the data
because loan volumes in some quarters fall below the reporting threshold. To this end, we count a link as present
whenever it exists for at least 90% of the quarters. This threshold was chosen because the number of counted links
stabilizes around it, i.e., when the threshold is further reduced, the number of links remains relatively constant.
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2.1. Persistence of interbank lending and borrowing

We find a stable set of borrowers and lenders in the German interbank market. During our
sample period from 2005:Q1 to 2009:Q4, 454 banks consistently borrow and 1,882 banks consis-
tently lend. The percentage of both overall net borrowers that borrow and net lenders that lend in a
given quarter is consistently between 91% and 96% (Fig. 2).8 This pattern suggests that interbank
loans are used to balance systematic funding surpluses and shortages. This finding is novel to
the interbank literature, which has primarily focused on smoothing short-term liquidity shocks. In
the model of Allen and Gale (2000), interbank relationships offer insurance against idiosyncratic
liquidity shocks so that banks alternate between lending and borrowing depending on the realiza-
tion of their liquidity needs. Liquidity insurance has also been examined in a number of contexts;
Afonso et al. (2013) for the US federal funds market and Cocco et al. (2009) for the Portuguese

interbank market.”

The differences in results stem from the use of interbank loan data of different maturities. Most
analyses on interbank markets employ the Furfine algorithm to infer loans from payments data,
which is mostly limited to identifying overnight loans. We use credit registry data that covers close
to the universe of interbank loans in Germany across all maturity brackets. Consistent with Upper
and Worms (2004), Gabrieli and Georg (2014), and Craig and Von Peter (2014), the interbank
loans in our sample have maturities above one year, and overnight loans account for around only

10% of total loan volumes (Fig. 3).

The use of medium- and long-term interbank loans bears important economic implications.
It lends support for the notion that interbank markets balance persistent funding needs because
longer-term loans are more likely used in financing assets of similar maturities (e.g., firm loans)
rather than as a buffer against liquidity shocks. Monitoring is also especially relevant and costly
for loans of longer maturities due to asymmetric information about the borrower’s credit risk.
Therefore, we focus on the bulk of the interbank market and examine banks’ incentives to build

monitoring relationships to meet structural funding needs.

2.2. Loan volumes of borrowing and lending banks

We further examine the interbank loan volumes outstanding. We find that the net loan volume

taken up by the average borrowing bank is more than four times that provided by the average

8The persistence in borrower and lender identities complements the finding that links in the German interbank network
are stable over time (Bluhm et al., 2016; Craig and Von Peter, 2014).

90One exception is Bluhm et al. (2016), who use balance sheet data to study the role of interbank loans in reducing
banks’ duration gap.



lender. Fig. 4 displays the first three quartiles of interbank loans for borrowing and lending banks,
respectively. The medians are smaller than the means because of right-skewed distributions, but
the relative distribution of loan sizes follows a similar trend. In other words, if borrowing banks
were to borrow directly from lending banks, the average borrower would link to and be monitored
by approximately four different lending banks. As a consequence, monitoring costs would be
incurred four times. Such duplication in monitoring resembles the inefficiency of direct borrowing
described in Diamond (1984). In Diamond (1984), the inefficiency from duplicated monitoring
is based on the use of unsecured loans that incentivizes every lender to monitor the credit quality
of the borrower. The credit registry does not contain direct information on the use of collateral.
Nevertheless, we infer from bank balance sheet data that the vast majority of the interbank loans

in our sample is unsecured (see Internet Appendix B.1 for details).

2.3.  Existence of intermediary banks

Instead of directly borrowing from lending banks, we find that interbank borrowers exclusively
seek funding from a few intermediary banks that in turn borrow from a large set of lending banks.
We argue that banks delegate borrowing and monitoring to a small set of intermediary banks to
prevent the inefficiencies of duplicated monitoring under direct borrowing. Our finding is con-
sistent with the trading between core and periphery banks within a core-periphery network. In
core-periphery networks, a small subset of banks, denoted as the core, connect with each other and
all remaining banks, while these remaining banks, denoted as the periphery, connect only with the
core and not among themselves. Nevertheless, our main model does not explain the trading be-
tween core banks, which appear to serve important but different functions that we detail in Internet
Appendix B.2.

We identify a core of 19 banks and a periphery of the remaining banks following Craig and
Von Peter (2014). Please refer to Appendix C for details about the core-selection algorithm and
its fit to the data. We find that only core banks have a significant fraction of intermediation, while
periphery lenders and borrowers almost exclusively lend or borrow (Fig. 5). Hence, core banks
effectively act as intermediaries to channel funds from a large number of periphery lenders to a
large number of periphery borrowers. Fig. 6 presents a visual representation of this intermediation

arrangement.

Intermediaries, periphery lenders, and periphery borrowers also differ along other dimensions.
Intermediary banks are some of the largest banks in the German economy. The median intermedi-
ary has a total asset size of € 99.32 billion compared to € 1.58 billion for the median borrowing
bank and € 0.44 billion for the median lending bank (Table 1). Intermediary banks also hold more
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highly diversified portfolios and invest less in firm loans, which we show are beneficial features

for their role as delegated monitors.

One concern with our approach is that the network structure follows mechanically from the
institutional setup of the German banking system, which consists of private banks, savings banks,
and cooperatives. In the data, however, the vast majority of savings banks now trade with a range
of counterparties and seem no longer confined to the historical setup. To remove any remaining
potential confounding, we explicitly account for institutional details and demonstrate robustness
in Internet Appendix B.3.

Network characteristics consistent with the core-periphery intermediation structure are not
unique to the German interbank market. In the Netherlands, for example, in’t Veld and van
Lelyveld (2014) show that the interbank market also follows a core-periphery structure. In the
US federal funds market, Bech and Atalay (2010) find that the minimum number of links connect-
ing two banks, 1.e., the average distance, is 2.4 for borrowing links and 2.7 for lending links, while
in the Austian interbank market, Boss et al. (2004) find an average distance of 2.26. The average
distance in our sample is very similar at 2.3. These small average distances imply that funds from
lenders can travel through very few intermediaries to reach an ultimate borrower. This is consistent
with our intermediation structure, in which a concentrated set of core banks intermediate on behalf

of the vast majority of banks in the economy.

3. A model of interbank intermediation

In this section, we build on our empirical observations and develop a structural model of inter-
bank intermediation. The goal of the model is to formulate network-contingent benefits and costs
from link formation so that the costs and benefits can then be juxtaposed against each other to iden-
tify monitoring costs in Section 4. In Section 3.1, we introduce the model setup. In Section 3.2,
we detail the contracting between intermediary banks and periphery lenders before explaining in
Section 3.3 the monitoring and bargaining between intermediary banks and periphery borrowers.

Finally, in Section 3.4, we define pairwise stability as the equilibrium concept.

3.1. Model setup

Consider an economy with a set of borrowing banks B and a set of lending banks [L.. We take the
sets of interbank borrowers and lenders as an outcome of banks’ structural funding needs arising
from firm-lending and deposit-taking, which is their main line of business. For example, banks in

areas with fewer economic developments have more limited lending opportunities and an excess
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of retail deposits, which they then lend out on the interbank market. In our baseline model, we
focus on banks’ interaction in the interbank lending market, taking as given their business model

with the real economy.

Each borrowing bank b, where b = 1, ..., %, has its own risky loan portfolio of volume V}, and
return x;, distributed with CDF Fj,(x;). The distribution of returns is common knowledge, but there
is asymmetric information about the realization: Only borrower b can freely observe the realization
of its own return x. In the baseline model, we take V}, as given, but we extend the model and allow

V}, to vary with the interbank funding cost and network structure in Section 7.1.

Lending banks [ = 1,..., . participate in the interbank market and have excess funds to be lent
out. We let the size of lenders’ excess funds take on the average value of L and abstract away from

heterogeneities in individual lenders’ network connectivity.

Lenders must resolve the asymmetric information about borrowers’ returns to ensure the repay-
ment of their loans. One way to resolve asymmetric information is by monitoring the borrower.
Let there be an ex-ante monitoring technology of cost k9, that allows for sufficient understanding
of the borrower’s project to credibly observe return realizations and subsequently enforce pay-
ment.'? Monitoring costs consist of a common monitoring technology parameter, k, multiplied by
a borrower-specific parameter, 6,. Monitoring is exclusive because the soft information obtained
is difficult to transfer. Thus, when a borrowing bank of funding volume V), borrows from an aver-
age lender, it requires (%1 of them, where [%1 stands for the smallest integer equal to or greater
than % Based on the distribution of funding volumes from Section 2, monitoring for the average

borrower would be repeated four times under direct borrowing from the average lender.

Such duplication in monitoring can be avoided by interbank intermediation. We first provide

an overview of the sequence of events and then explain each stage in detail.

To benefit from intermediated access to lenders, borrowers first form credit relationships with
a subset of intermediary banks at t = 0, where these intermediaries are denoted as i € . Since
asymmetric information also exists between borrowers and their designated intermediaries, their
monitoring relationships also cost k0. We let monitoring costs be split equally between borrowers
and intermediaries consistent with their equal bargaining power. As we discuss in Section 3.4, this
is the economically meaningful case that allows all links with total benefits exceeding total costs to

be formed.!! Forming credit relationships is costly, but the formation of more credit relationships

10Anecdotally, bank examiners of the lending bank go to the borrowing bank’s premises to talk to loan officers,
examine the loan book, etc. Monitoring costs can be understood as the time and effort required to conduct this due
diligence.

Realistically, this comes in the form of an upfront fee paid by the borrower to the intermediary that is separate from
the interest rate of the loan itself.
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can tilt the division of surplus during bargaining int = 1.

Based on the monitoring relationships formed in ¢ = 0, borrowing banks and intermediary
banks engage in bilateral bargaining with renegotiable contracts at t = 1. Renegotiable contracts
award a larger share of the surplus to borrowing banks with more links, effectively endogenizing
the bargaining outcome with respect to the network structure. When deciding on which links to
form, the key tradeoff for borrowing banks is between securing a larger split of the surplus and

incurring additional monitoring costs.

Credit relationships formed in # = 0 also affect intermediaries’ funding costs when they borrow
from lenders at ¢ = 2. Let lending banks resolve asymmetric information about the intermediaries’
return via a state verification technology as in Townsend (1979), i.e., they pay a cost to have the
outcome verified when repayments fall below the face value of debt. As a result, the expected state

verification cost scales with the default probability of the intermediary.

For tractability, we let lenders use state verification to ensure repayment from intermediaries.
This assumption is consistent with the observation that large banks have more access to transaction-
based loans than do small- and medium-sized banks. Intuitively, while lenders conduct on-site due
diligence and form relationships with smaller periphery borrowers, it is less plausible for them to

do the same with the entire asset portfolio of large and complex banks.!?

At t = 3, returns realize, lenders carry out state verification where necessary, and payments are

exchanged.

To recap, we have sketched a model of interbank intermediation in which asymmetric infor-
mation about portfolio realizations has to be resolved through costly monitoring. Forming more
credit relationships requires higher monitoring costs but improves bargaining power. The equilib-
rium network of links is determined as banks optimize between these tradeoffs. We now proceed
to solve the game backwards by first defining the contracts formed between intermediaries and
lenders at t = 2 and then those between intermediaries and borrowers at t = 1 before solving for
the equilibrium network at + = 0. In terms of notation, when a monitoring relationship is estab-
lished between intermediary i and borrower b in t = 0, we denote link {i,b} to be part of network

g, i.e., {i,b} € g, while b and i become each others’ counterparties, i.e., b € N;(g) and i € N(g).

12 After obtaining the bank-specific parameters in Section 4.4, we verify that the choice of monitoring is incentive
compatible for all intermediary banks and 87% of all borrowing banks in the periphery.
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3.2.  Contracting between intermediaries and lending banks

When an intermediary borrows from lenders at ¢ = 2, its interbank funding costs depend on
the default risk of its asset portfolio, which is in turn affected by both its investments outside of
the interbank market and its interbank loans to connected borrowers. Formally, given network g in
which intermediary i forms credit relationships with a set of borrowers, N;(g), the average return
of intermediary i’s portfolio is the weighted average of the intermediary’s portfolio return outside

of the interbank market, x;, and that of its connected interbank borrowers, x;,:

1 .
= —— (Aix; + Vi(g)xp), (1)
Ai + Z Vb (g) be%;’(g) b
beN;(g)

Vi

where the weights vary with the volume of intermediary i’s own projects outside of the interbank
market, A;, and the volume lent out to its borrowing banks in the interbank market, V/(g). H(y;)
denotes the cumulative distribution function (CDF) of y; and is jointly dependent on the connected
borrowers’ return CDF, F(x;), and the intermediary’s own return CDF, F(x;). Notice that the
functional form in Eq. (1) is an approximation to allow for a feasible estimation of H(y;). In
practice, intermediaries lend to borrowers via debt contracts, so their returns may not be fully
proportional to borrowers’ returns. We show in Internet Appendix B.4 that this approximation has

limited effects on our results.

Intermediary banks cannot credibly communicate the realization of their return, y;, to lenders,
i.e., the realization of y; is private information to intermediary i. Absent any monitoring or verifica-
tion, intermediary i always has an incentive to report a low realization at the time of loan repayment
to keep more of the return for itself. Let there be a state verification technology as in Townsend
(1979) through which the true realization of y; can be verified. Townsend (1979) shows that the
optimal incentive-compatible contract in this case is a debt contract, wherein lending banks pay a
cost to verify and obtain the entire y; if it was claimed to fall below the promised value, i.e., the
loan defaults. Otherwise, if the realization of y; exceeds the face value of debt, no verification takes

place, and lending banks receive the promised amount.

In practice, state verification technology can be thought of as arising in transaction-based loans,
where the costs incurred resemble bankruptcy costs that are shared among creditors. For example,
these could involve fees paid to a third-party to determine the true value of assets. These costs
are especially relevant for large and complex financial institutions, such as intermediary banks,
whose lenders are unlikely to monitor every detailed component of their balance sheets in normal
times. We let each lender’s share of the verification costs in the case of default be C9;, where C is

a common technology parameter and §; is the product of the asset size and opacity of intermediary
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i that affect the difficulty of verification. The lending bank’s expected verification cost is then the
probability of default multiplied by C9;.

To allow for a feasible estimation of intermediaries’ cost of funding, we let intermediary banks
have full bargaining power over lending banks. This approximation is likely reasonable in our
context because there is a large number of lending banks and because transaction-based loans do
not ex-ante lock in any particular lender so that intermediaries can relatively easily switch between
lenders. This ease of switching between lenders is in contrast to the sticky monitoring relationships
between intermediary and borrowing banks, relationships that give rise to the bargaining frictions

we discuss in the next subsection.

Formally, we let the expected verification cost for a lender of size L lending to intermediary i

be determined by:

Ri(g) Ri(g) R
| csanty =13 [Tat)+ [ R@dAHG) P @
R R Ri(g)
Expected State??eriﬁcation Cost Expected Returr;:)f Debt Contract

where r is the lending bank’s outside option return, H(y;) is the CDF of the intermediary’s return
yi, and C¢; is the per state verification cost. The right-hand side denotes the standard expected
return of a loan contract with a promised repayment of R;(g). In other words, the intermediary is
verified when y; falls below the promised R;(g), and this comes at a cost but allows the lending
bank to claim the full return. When y; falls above R;(g), the intermediary is not verified and pays
back R;(g). Notice that the promised repayment, R;(g), and the expected state verification cost
depend on network g because the distribution of returns of banks borrowing from intermediary i

affects the distribution y; as in Eq. (1).

We make one final simplification by letting all lenders be of the same size, L. Lender size
heterogeneity has limited significance in the absence of their bargaining. Abstracting away from
it greatly benefits our estimation efficiency by eliminating the need to keep track of individual

lenders.'? Normalizing Eq. (2) by lender size, we obtain:

Ri(g) Ri(g) R
| esanty = [T st [ Rig)dH () @
R R Ri(g)

J/ (. 7

Expected State Verification Cost Expected Return of Debt Contract

where ¢ = % is the normalized technology parameter capturing the state verification cost efficiency

130ne assumption is that if a lender lends to multiple intermediary banks, then the state verification of one intermediary
does not reduce the need for state verification of another connected intermediary. In practice, this can be thought of
as bankruptcy proceedings being conducted separately for different intermediaries.
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per unit loan. Going forward, we denote the per-unit expected state verification cost for intermedi-
ary bank i under network g, fgi(g) cO;dH (y;), as Ai(g,c).

3.3.  Contracting between intermediaries and borrowing banks

The network structure determines the surplus distribution when borrowing banks and interme-
diary banks bargain over the terms of trade in # = 1. We assume bilateral Nash bargaining with

renegotiable contracts, as in Stole and Zwiebel (1996).

Bargaining frictions between intermediary and borrowing banks are relevant because after
monitoring is conducted at ¢t = 0, new credit lines cannot be spontaneously formed during nego-
tiation at t+ = 1. If bargaining breaks down between intermediary i and borrower b under network
g, both are left to receive their outside options under the remaining network, ¢’ = g — {i,b}. Thus,
we let each pair of connected borrowers and intermediaries bargain over the surplus with equal
bargaining power relative to their respective outside options. We use the bilateral loan volumes
from the observed network and set the redistribution of loans in bargaining to be proportional to
borrowers’ existing funding volumes to best match the data. That is, when borrower b’s negotiation
with a given intermediary i breaks down, its borrowing from all other connected intermediaries i’

under ¢’ = g — {i,b} becomes:

Vi (g)
Y Vi)

i'eN,(g)

“)

Formally, letting U,(g) and U;(g) be borrower b and intermediary i’s utilities derived from
the interbank market under network g, bilateral Nash bargaining between borrowing bank b and

intermediary bank i of equal bargaining power implies:
Up(g) —Up(g') = Ui(g) — Ui(g") Vg =g—{i,b}, 5)

where VYN, (g) # 0,

( Share of an Value
Up(8)= ¥ (1—7(8))Vs(8)E[x]
i€N,(8) (6)
Ui(g) = . Z( [0(8)V5(8)Exb] =V, (8) (r + i, ¢))] +Vi(E[xi] — Ai(g,¢) — 1) -
N; ~~ 7N N -
. e Share of Borrower Value - Funding Cost Own Value - Funding Cost
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In words, borrower b’s utility under network g is the sum of its own loan value less the share
paid to intermediaries, ¥;(g). Notice that ¥,(g) is not equal to the bargaining weight but will
adjust so that the bargaining weights are equalized.'* Intermediary i’s utility is composed of two
parts. First, it obtains the remaining share of connected borrowers’ loan value but incurs the cost of
funding in terms of the risk-free rate, r, and the expected state verification costs, A;(g,c). Second,
it derives value from funding its own projects in the interbank market amounting to V;. These
projects offer an expected return of E[x;] and a per-unit funding cost of r 4+ A;(g,c). In practice,
banks also have assets outside of the interbank market. Our focus on interbank utilities does not
imply that banks derive no value from non-interbank assets. As we discuss in Section 3.4, we only
assume that changes in an intermediary bank’s interbank connections with borrowing banks do not

change its non-interbank asset returns and funding costs.!’

When bargaining with their last connected intermediary breaks down, borrowing banks resort
to direct borrowing from lenders. Just as intermediaries monitor borrowing banks, lenders need to
monitor borrowing banks. However, due to lenders’ limited size, borrowers may need to borrow
from multiple lenders to fulfill their funding needs. Formally, we have Uy(g) = %Vb (Efxp) —r) —
%(%11{5;, when Nj,(g) = 0, where the cost for forming a monitoring relationship, k0, depends on
the common monitoring technology parameter, k, and the borrowing bank characteristics, .

We demonstrate the intuition behind the general formula with a simple example.!® We illus-
trate the tradeoff from borrowing banks’ point of view, which is without loss of generality due to
equal bargaining power. When there is only one connected intermediary as in network g! (Fig.
7(b)) and bargaining breaks down, borrowing banks are left to directly borrow from lending banks
as in network g° (Fig. 7(a)). Denote the outside option value of direct borrowing for bank b as w,.
Solving Uy (g') — Uy (g°) = Ui(g") — U;(g"), the borrower in network g! obtains half of the surplus.
Because monitoring costs have already been incurred when bargaining takes place, the surplus in-
cludes the borrower’s loan value net of funding costs, its contribution to the intermediary’s funding
costs, and its outside option, W,. That is,

1 1 1 1 1 0 1 1
Uy(g') = EVb [E[xb] —r] — EVb/L-(g ,c)  + 3 iAi(g,c) — Ai(g ,c)} +§wb. (7

N J/ J/

Share of Own Value - Share of Own Funding Cost ~ Contribution to Intermediary Funding Cost

If the borrowing bank has two credit relationships as in network g” (Fig. 7(c)), it could threaten

14This expression can be reformulated into a debt contract, where ¥;,(g) maps into a link-specific interest rate. We use
the current formulation for ease of notation.

ISThis decision was made in part because of the lack of data for other types of bank funding. Nevertheless, as we show
in Internet Appendix B.4, this assumption seems reasonable because the large size of intermediary banks’ aggregate
balance sheets render their asset returns less dependent on changes in interbank connections.

16For a step-by-step derivation, please refer to Appendix A.
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to redistribute its funding through the other intermediary if bargaining with any one intermediary
breaks down. That is, the borrower’s outside option in each bilateral bargaining improves from
Uy (g%) to Uy(g'), while the intermediary would no longer be connected to any borrowing banks
as in g¥ if bargaining breaks down. Hence, bargaining between each borrower-intermediary pair
becomes Uy (g?) — Uy(g') = Ui(g?) — Ui(g"). Assuming symmetric intermediaries and bilateral
loan volumes, we obtain borrower b’s utility under network g2 (Fig. 7(c)):

Up(g?) = %v,, [Efw] —r] - %vh Mg, 0) +A(gh )] Vi [%x(gz,c) + %l(gl,c) (g, c)] +%M- 8)

Share of Own Value - Share of Own Funding Cost Contribution to Intermediary Funding Cost

Borrowing banks with two connected intermediaries (i.e., borrowers in network g2) can secure
two-thirds of the total value of loans net of funding costs compared to one-half in the case with
only one intermediary (i.e., borrowers in network g!). This gain illustrates how borrowing banks
can tilt the surplus in their favor by forming more links with intermediaries. The additional links
improve their outside option value in bargaining. Notice that the contribution to intermediary
diversification is now a weighted average of A(g°,¢), A(g',¢), and A(g?,¢) because contracts are

renegotiable along each link and are thus functions of funding costs in all three subnetworks.

As the above example illustrates, the value for borrowers and intermediaries under any network
will depend on the values of all subnetworks through the renegotiation of contracts. The number
of subnetworks increases quickly with the number of banks and renders direct calculation of ¥;;(g)
infeasible given the size of our network. Instead, we solve our model by proving equivalence to
Shapley values, which is one of the most commonly used solution concepts in cooperative game
theory. Shapley values assign a unique distribution of the total surplus generated by a coalition of
players according to the average marginal contribution of each player. Formally, Shapley values

are defined as follows.

Definition I Let N be a finite set of players, indexed by j, and v a characteristic function that
associates with each coalition S C N a real-valued payoff v(S) that coalition members can jointly

generate. Then, for a coalitional game (N,v), the Shapley value of player j is given by:

1 :
9;(v) = WZ[V(PJRU{J}) —v(Pf)], 9
"R
where PJR is the set of players in N that precede j in the order R.

Intuitively, imagine that when players are drawn one by one into a sequence R, each player j
demands its marginal contribution as fair compensation, which is the value created by the preced-

ing subset of players PJR with player j, v(PJR U{j}), minus the value created by the preceding set of
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players without j, v(PJR ). The Shapley value for player j is then j’s average marginal contribution
over all possible permutations in which the coalition of players can be formed. Averaging con-
tributions over permutations produces a unique solution of the game independent of the sequence
in which players are arranged. This feature embodies the spirit of our bargaining game for which
the order of negotiations between borrowing and intermediary banks does not matter. The follow-
ing proposition shows that the payoffs for borrowing and intermediary banks can be expressed as

Shapley values.

Proposition I Let the set containing all intermediary and borrowing banks be N and the char-

acteristic function vg assign a payoff v¢(S) for a subset of banks S C N under network g:

Z\G[E[xi] 2i(g°, c)] —I—ZZVb [Exp) —r] — ).i(gs,c)]—l— Z w,.

€S beSieS beS,Ny(g)NS=0
Value - Funding Cost of Intermediaries ~ Value - Funding Cost of Connected Borrowers Stal’ld-aI‘OrIle Value

(10)

Then, borrowing and intermediary banks’ utilities in Egs. (5) and (6) are given by the Shapley

values ¢(v,) of the underlying coalitional game (N,v,):

Un(8) = #(vg) = |N| i Vs (B U{B}) — v ()]
(11)
Ui(g) = i(vg) = W;[vg(l’f U{i}) = ve(P)],

where PR (PR) is the set of banks in N that precede b (i) in the order R.

The characteristic function, v, (S), denotes the total value created by the subset of banks §
under network g. The first summation corresponds to the value of loans by intermediaries and
connected borrowing banks less the opportunity cost of r and the expected state verification cost
of A(g%,c). The last term is the sum of the outside option values of borrowing banks not linked to
any intermediaries when a subset of banks, S, is chosen from all banks in network g. The Shapley
value for a given bank is then its average marginal contribution to the total payoff, v4(S), over all

possible permutations in which the coalition of banks can be formed.

In addition to providing a tractable closed-form solution for our bargaining game, Shapley val-
ues also have a number of appealing properties and satisfy a series of natural axioms. In Appendix
B, we apply the axiom of balanced contributions by Myerson (1980) to prove our equivalence

result.!?

17We follow Theorem 4 in Stole and Zwiebel (1996), which shows that payoffs satisfying a stability condition can be
mapped to Shapley values. Our analysis does not involve the specific non-cooperative game proposed by Stole and
Zwiebel (1996). For a non-cooperative game with payoffs equal to Shapley values, see Briigemann et al. (2019).
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3.4. Pairwise stable equilibrium

Having derived the division of surplus given a network g at r = 1, we define which links are
chosen in equilibrium at r = 0. At ¢ = 0, banks optimally choose to form links by weighing the
larger share of surplus against the increase in monitoring costs. We adopt the equilibrium con-
cept of pairwise stability. First introduced by Jackson and Wolinsky (1996), pairwise stability is
a standard concept in the networks literature. It requires that links that are part of an equilibrium
network have a benefit of link formation exceeding the cost of link formation for both counterpar-
ties, whereas links that are not part of the equilibrium network incur a cost of link formation larger
than the benefit for at least one counterparty. Because of equal bargaining weights and equal splits
in monitoring costs, the borrower’s decision is symmetric to the intermediary’s decision so that
we can consider the borrower’s perspective without loss of generality. Formally, a pairwise stable

network is defined as follows.

Definition II /n a pairwise stable network g*, no bank i or b wants to unilaterally sever any

link, and no pairs of banks i and b want to jointly form any new links. That is,

1 .
Up(g") —Up(g') > §k5b Vg' =g" —{i,b}

1 (12)
Up(g") = Up(g") < §k5b Ve" = g" +{i,b}.

Pairwise stability is a relatively weak concept prone to multiple equilibria. Nevertheless, as we
discuss next, it is sufficient for our structural estimation approach, which takes the observed net-
work as being pairwise stable to infer the unknown cost parameters. Notice that pairwise stability
only focuses on changes in utilities from one-link deviations. In other words, benefits and costs
from a bank’s non-interbank activities that do not interact with its interbank connections do not

affect pairwise stability of the interbank network.

4. Structural estimation

In this section, we structurally estimate the monitoring cost parameter k and state verification
cost parameter ¢ using the preferences revealed by pairwise stability of the observed network. In
our revealed preferences approach, we take the observed network as the equilibrium outcome, ap-
ply loan volumes and returns observed from the data, and find parameter values that best rationalize

the conditions of observed and unobserved matches provided by Eq. (12).

We explain our estimation in a few steps. First, we use a simple example to provide insight
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on the empirical variations that inform the parameter estimates in Section 4.1. In Section 4.2, we
explain the data used for the estimation strategy in Section 4.3. Finally, we present our baseline
results in Section 4.4. In Internet Appendix A, we provide further details about the computation of

Shapley values and the estimation procedure.

4.1. Example

We first illustrate how variations along two dimensions in the data generate inequality con-
straints to determine k and c. First, links formed by borrowing banks with different profitability
inform the magnitude of total costs. In Example II, when borrowing bank B forms two links and
its less-profitable counterpart B, forms only one link with the same intermediaries (Fig. 8), we
know that B;’s value from the second link is higher than the cost, whereas B;’s value from the

second link fell short of its cost. Formally, pairwise stability implies that:

1
Up, (8%) = Us,(8") > Sk, (13)

1
Up,(8%) = Un, (8') < 5k8,. (14)

Assuming symmetric intermediaries and plugging in Eqgs. (7) and (8) derived in Example I for
Uy(g') and U, (g?), we have:

1 1 V

TV [Elu] =] = k(e) + 5(1— 22k, (15)
1 1 Vi
SVolEla] = r] < k(e) +5(1 - 6—2)1«3,9, (16)

where k(c) =V, [3A(g2,¢) — tA(g',¢)] + Vi[3A (g%, c) — tA(g",c) — A (8", c)] captures the ex-
pected state verification costs.!® Applying loan volumes Vj, and V;, parameters 0p, and 6p,, and
returns E[x;| and E[x;] from the data to Egs. (15) and (16), we can put a bound on the sum of
monitoring and expected state verification costs.

Second, variation in link density for differentially diversified intermediaries with the same
borrower distinguishes the relative magnitude of monitoring costs and expected state verification
costs. In Example III (Fig. 9), intermediaries I, are less diversified than intermediaries [, so that
A1(g%,¢) < A2(g?,¢). Since the borrower forms a second link with 7; but not with I, the increase
in expected state verification costs must have rendered the second link not profitable for /. Hence,

181n the case of a large diversified intermediary bank, loans of a single borrower cause little perturbation to the inter-
mediary’s portfolio diversification. Hence, we approximate them by k(c) in both cases. Also, in this example, we

Vb o Vb o
assume [ | = % for ease of exposition.

19



similar to Example II, pairwise stability of the observed network in Example III implies that:

1 1 \%

Vo [El] = r] = 5 (1= k8, > K1 (c) (17)
1 1 V
5V [El ] —5(1—6—2)k6b< K (c), (18)

where the expected state verification costs for I; and I, are captured by kj(c) =V, [%M (g2,¢) —
%Al (g]7c)] +Vi [%;Ll (gZ,C) - %;L] (glac) - %A’l (gO,C)} and K2(c) =V [%l2<g27c) - %lg(gl,c)] +
Va[322(g%,¢) — $22(g"¢) — $A2(g%c)], respectively. Loan volumes Vj and V;, parameters 5y,
and 6;,2, and returns E[x] are again obtained from the data, so that we can deduce the relative

magnitudes of ¢ from k from Egs. (17) and (18).

4.2. Data

As the previous two examples illustrate, we use balance sheet and credit registry data as inputs
for the structural model to estimate the unknown cost parameters k£ and c. We explain the inputs

we use below and summarize their magnitudes in Table 2.

Loan volumes. We obtain equilibrium loan volumes between each borrower b and intermedi-
ary i, Vbi (g*), from the average bilateral loan volumes in the observed network g* from 2005:Q1 to
2007:Q2. In the baseline model, each borrowing bank’s total loan volume, Vj, is fixed and equal
to the sum of its bilateral loan volumes, Vlf (g*). When the network changes, we set the redistribu-
tion of a borrower’s bilateral interbank loans proportional to that borrower’s funding volumes as in
Eq. (4). We relax the assumption of fixed total loan volumes and allow aggregate loans fundable
to vary with the network in the extension model in Section 7.1. Intermediary banks’ interbank
funding volumes, V;, are obtained by deducting the total interbank lending volume from the total

interbank borrowing volume for intermediary i.

Expected returns. We obtain bank-level expected returns, E [xp] and E[x;], by averaging gross
returns on bank balance sheets for the pre- and post-crisis periods from 2005:Q1 to 2007:Q2 and
2007:Q3 to 2009:Q4, respectively. We use income from nonfinancial corporations to avoid con-

founding by income from interbank loans.

State verification costs. To parameterize the expected state verification costs, A;(g,c), we need
the distribution of each intermediary bank’s effective return, y;, which is a weighted average of its
own project return and that of its connected borrowing banks as stated in Eq. (1). We assume
that the returns of borrowing banks and intermediary banks follow a joint normal distribution. The

mean return for each bank is its average gross return as in E[xp] and E[x;]. The variance is the
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sample variance in gross returns over the same time period. We let the correlation in returns across
banks be p, and estimate our model for values of p between 0.12 and 0.24, which are the lower
and upper bounds of asset correlations provided by the guidelines in Basel III.1° Together with
interbank loan volumes from the credit registry and intermediary asset size from balance sheets,
we can then use Eq. (1) to calculate the mean and variance of y;. For ease of computation, we use a
Taylor expansion to simplify 4;(g,c) = /| ,f i(8) c6;dH (y;). We refer the reader to Internet Appendix

A for details of this approximation.

Bank asset size and opacity. Recall that monitoring and expected state verification costs are
parameterized by the characteristics of the borrowing bank, J,, and intermediary bank, ;. ;, and
0; are the product of bank asset size and asset opacity, where asset opacity is proxied by the ratio
of firm loans divided by total assets on bank balance sheets because there tends to be less public

information available for firm loans than for more liquid securities.

Risk-free rate. Lending banks’ outside option, r, is taken to be the German bund yield match-

ing the average maturity of interbank loans.

4.3. Estimation strategy

Generalizing from our simple examples, we estimate the cost parameters ¢ and k that best
satisfy the set of model-implied pairwise stability conditions of the observed network as in Eq.
(12).

Recall from Section 3.3 that borrowing and intermediary banks’ utilities can be expressed in
terms of the unknown parameters ¢ and k for any given network g using Shapley values. All
other inputs for Shapley values are directly obtained from the data, as described in Section 4.2.
Hence, we can derive the borrower’s value for both a given network g and one-link deviations
from network g. Further noting that the borrower’s cost of link formation is %ka, We can express
the net value of one-link additions as a function of ¢ and k plus a link-specific error: Wy, (c,k) =
Up(g,c,k) —Uy(g',c,k)— %k&, + €. Finally, we apply W;;(c, k) to all one-link deviations from the
observed network g*, i.e., g = g — {i,b} and g’ = g* + {i,b}, to construct the maximum score

19Estimating the time-series correlation of bank asset portfolios in our data, we find it to be 0.22, which is within
the bounds. However, since asset correlations can change during different stages of the business cycle and given
our relatively short time series, we estimate the model for the range of correlation values outlined by the Basel III
regulation.
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function Q(c,k):

0ck)= L ¥ 1[U&" k)~ Uplg k)~ 3k, > 0]

i€lbeN;(g*)

Inequality Conditions Satisfied for Observed Links

. 1
+Z Z (U (g",c.k) = Up(g ,c,k)—§k5b<0}.
l€]Ib¢N *)

J/

Inequality Conditions Satisfied for Unobserved Links

Given a set of parameters ¢ and k, the score function, Q(c, k), counts the number of times Eq.
(12) is satisfied for the observed network g*. For links that are observed to be part of network g*,
pairwise stability is satisfied when parameters ¢ and k imply that the net benefits from forming
the link are positive. Similarly, for links not part of the observed network g*, pairwise stability is
satisfied when parameters ¢ and k imply that the net benefits from forming the link are negative.
Finally, we can find the values of ¢ and k that correctly predict the largest number of inequalities
to be the maximum score estimator of the score function. Notice that following the definition of
pairwise stability, Wj,(c,k) contains an implicit tie-breaking assumption in which links are formed

when the net benefit is zero. We find that this assumption does not affect our main results in Section
4.4.

To find parameter estimates that maximize the score function, we adopt the differential evo-
lution algorithm proposed by Storn and Price (1997) to ensure that a global maximum of Q(c,k)
is reached.?® We further follow Delgado et al. (2001) and Politis and Romano (1994) to generate
confidence intervals by drawing 100 random subsamples of a quarter of the full sample. Then,

letting ng be the fraction of the subsample, the empirical sampling distribution is given by:

~ 1 A A A

ﬁs = (ns)g(ﬁ _ﬁs)"'_ﬁa

where s = [¢; K] and B = [¢ k]’ refer to the subsample and full sample estimates, respectively.
The 2.5 and 97.5™ percentile of this empirical sampling distribution are used to compute the 95%

confidence interval.

For identification, we assume that the unobserved match errors, €, are independently and
identically distributed with mean zero. Mean zero match errors can include measurement error
in the data and other shocks to match values realized after the formation of links. However, they

do not allow for information relevant for link formation that is ex-ante known to the agent but

201n general, the maximum score estimator allows only for set identification. To this end, we repeat the optimization
procedure 20 times with different initial populations and find the same point estimates up to three decimal places.
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unobserved by the econometrician. If intermediary banks have prior information about potential
borrowing banks before the formation of links through, for example, a social network between
bankers, our estimates would be biased. These channels may especially be of concern when the
geographic proximity increases the probability that bankers know each other. We repeat the analy-
sis conditioning on geographic distance and generate similar quantitative predictions (see Internet
Appendix B.3).

The maximum score estimator was introduced by Manski (1975) and has been extended to
matching markets by Fox (2008). Fox (2008) provides a rank order condition for identification.
Intuitively, it requires the likelihood of seeing a link to be higher when the observable component
of the match value is higher, which is satisfied under our assumption of mean zero errors. This
method allows us to estimate the model using information from every link and non-link in the
network and avoids a potentially arbitrary choice of specific moments. It is also computationally
efficient for large networks and does not suffer from the curse of dimensionality as other maximum
likelihood estimators do. While we estimate the cost of interbank lending relationships, previous
studies have adopted a similar estimation approach in other contexts (e.g., Chen and Song, 2013;
Akkus et al., 2015; Schwert, 2018).

4.4. Estimation results

Our estimation results for the baseline model are presented in Table 3. All estimates are statis-
tically significant at the 95% level. The monitoring cost parameter, k, is estimated between 1.28
and 1.41 for the range of correlations considered. For an easier comparison, we present the state
verification cost parameter in terms of C, which is the per-unit parameter ¢ scaled by the average
lender size, L. C lies between 0.21 and 0.24 for the range of correlations considered, which implies
that when facing a hypothetical borrower of the same size and asset opacity, the state verification
cost incurred by the average lender in a default state is 15% to 20% of the cost for forming one

monitoring relationship.

Notice, however, that the simple ratio between the cost parameters does not directly map into
the ratio of the actual monitoring costs and expected verification costs due to differences in asset
size and asset opacity across banks and because state verification costs are incurred only when
lenders cannot pay the face value of debt. Considering these heterogeneities in the data, we cal-
culate the monitoring cost and expected state verification cost for an average euro of interbank
funding obtained by borrowing banks. We find that the per-euro monitoring costs and expected
state verification costs for a borrowing bank with two monitoring links are on average 48.5 bps

and 4.6 bps, respectively. Therefore, ex—ante monitoring accounts for the vast majority of the total
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costs for interbank borrowers in the pre-crisis period.

Aggregating across all banks, we find the interbank lending network yields an annual net value
of €5.63 billion in the pre-crisis network. This is after deducting lenders’ outside option funding
rate, r, ex—ante monitoring costs, and expected state verification costs. The latter two costs are
€ 1.10 billion and € 0.12 billion, respectively, showing again that the main investment in the inter-
bank network is for establishing long-term credit relationships to monitor borrowing banks. The
small share of expected state verification costs is consistent with “monitoring-the-monitor” costs
being very low, as conjectured by Diamond (1984). Absent interbank intermediation, many more
long-term credit relationships would have to be set up, and doing so would increase the costs of

obtaining interbank loans.

However, the present network is not the most efficient one. As Jackson and Wolinsky (1996)
show, pairwise stable networks are often not efficient, and the star network is the only efficient
outcome in a range of settings. In our context, the surplus could be further improved if every
borrowing bank formed only one link with a single intermediary. Fewer links would be formed
in this case, and the further reduction in duplicated monitoring would make up the main welfare
improvement. The additional benefit from diversification—a drop in the expected state verification
cost—is relatively small because the level of diversification in the present network is already quite
high.

Intuitively, we can understand deviations from the first-best outcome to be driven by banks’
private incentives. On the one hand, borrowing banks connect to more than one intermediary to
leverage their outside options in bargaining and thereby obtain a larger share of the surplus for
themselves. At the same time, banks with relatively diversified portfolios establish themselves
as intermediaries to partake in obtaining intermediation profits. From this perspective, a social
planner would find it optimal to reorganize the interbank market through a central intermediary

that monitors on behalf of all borrowers.

5. Verification of model parameters

During the Great Financial Crisis, intermediary banks were differentially affected. One of the
main exposures was losses from asset-backed commercial paper held by conduits (Acharya et al.,
2013). We utilize the unexpected cut in profitability and the subsequent changes in the interbank
network from 2007:Q3 to 2009:Q4 as an out-of-sample test to verify the accuracy of our model
and estimates, which are based on pre-crisis data from 2005:Q1 to 2007:Q2.

After the onset of the crisis, the main observable changes in the interbank market were a drop
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in funding volume through existing links and a number of links added to the existing network.
Viewed through the lens of our model, these changes reflect an increase in the default risk for
some intermediaries, which increased the expected state verification cost charged by their lenders.
This increase in funding costs is passed on to connected borrowing banks, which attempted to form
new credit links to unaffected intermediaries in search of less expensive funding sources. Forming
new credit relationships is costly, however, so not all exposed borrowers could avoid the initial
exposure. As a result, total funding costs for borrowing banks increased, and their fundable loans

declined.

In other words, borrowing banks decide between paying the cost of investing in new credit
relationships and continuing funding at the increased rates of their established credit links. If our
model is accurate, then the larger the funding-cost increase from connected intermediaries in the
pre-crisis network, g*, the larger the borrower’s incentive to form new links. This conjecture is
confirmed in Fig. 10, which shows that the average number of new links formed by borrowing
banks increases with their predicted change in funding costs. The change in funding costs is cal-
culated using post-crisis balance sheets and returns, as shown in Table 2. Only the monitoring and
state verification technology parameters, k and c, respectively, are based on their pre-crisis esti-
mates. The implicit assumption is that there are no changes to the technologies of monitoring and
state verification as a result of the onset of the Great Financial Crisis, while monitoring intensity

and the expected funding costs are allowed to change according to the post-crisis data.

Note that the drop in mean returns in Table 2 stems from heterogenous exposure across inter-
mediary banks.?! Heterogeneity in intermediary exposure provides the cross-sectional variation
for our out-of-sample test. Intuitively, the larger the exposure to an intermediary bank, the more
its funding costs increase, and the less likely it is to form new links with borrowing banks. Indeed,

we find that all new links were formed with intermediary banks with below-median exposure.

We conduct a more formal out-of-sample test of our parameter estimates based on pre-crisis
data from 2005:Q1 to 2007:Q2 by checking whether they can accurately quantify the costs and ben-
efits of link formation in the post-crisis period from 2007:Q3 to 2009:Q4. If the model estimates
of k and c are accurate, they should be able to predict the formation of new links and absences
thereof in the post-crisis period. Specifically, we use pre-crisis estimates k and ¢ and post-crisis
balance sheet and network characteristics to calculate the predicted benefit and cost for each link
that could have been formed (i.e., links that did not exist in the pre-crisis period). Pairwise stability
conditions are computed one link at a time while holding the remaining network constant. For
each new link observed in the post-crisis network, g7, the pairwise stability condition is satisfied

when the predicted benefit of link formation exceeds the cost of link formation. Similarly, for each

2IDue to data confidentiality requirements, we are unable to display the full distribution for all intermediaries.
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link absent in the post-crisis network, the pairwise stability condition is satisfied when the pre-
dicted benefit falls short of the cost. Then, we evaluate the number of pairwise stability conditions
satisfied among all potential links in the post-crisis network and compute the fraction of successful
predictions as % where:

b
max

Q(C7k) = Z 1 [Ub(gposncak) - Ub(g;msmcvk) > Ek}

i€l { bEN;(8post) ,bENi(8¥)

+ ) 1[Up(8ost»E:k) = Up(gpost» E:k) < Ek} }

bENi(g*),bENi(g¥)
and Q)4 is the total number of new links that could have been formed. We focus on new links
that could have been formed so as not to overinflate our results with links already present in the
pre-crisis network. One can think of their formation cost as sunk, so that continued usage does not

require additional monitoring.

We correctly predict around 86% of the potential links between borrowing and intermediary
banks (Table 4). Among the links that were formed versus those that were not formed, we predict
66.5% to 71.9% and 85.4% to 86.7%, respectively. Predicting the identity of the formed links is es-
pecially challenging because consistent with a sticky interbank network, the vast majority of links
that could have been formed were not formed. Our model effectively captures the relatively low-
level of link formation—we predict between 177 and 207 new links. Out of the formed links, we
further predict at an accuracy between 66.5% and 71.9% which pair of borrowing and intermediary

banks formed a new link.

Without the model, if we took the same number of new links predicted and assumed a ran-
dom formation, the predictive accuracy would be 2.9% to 3.4% and 83.2% to 83.8% for new links
formed and not formed, respectively. Even if we were to limit the matching to links between in-
termediaries with below-median exposure and borrowing banks funding from intermediaries with
above-median exposure, the expected predictability would only be improved to 11.6% to 13.7%
and 85.7% to 86.1% for links formed and not formed, respectively. Notice that in both of these
scenarios, the predictive accuracy drops substantially for links that were formed relative to our
model performance. As mentioned above, pinpointing which borrower-intermediary pair formed
links is especially challenging given the small number of links formed. The improvement in pre-
dictability for formed links is thus an especially strong indicator for our model’s out-of-sample

performance.??

22Tf the monitoring cost parameter, k, were 25% higher than the estimated value, forming new links would be costlier,
and fewer links would be formed. The smaller number of predicted links would only match 43.2% of formed links
when p = 0.18, while the match for links that are not formed slightly improves to 88.3%.
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Our model’s predictability stems from two dimensions. On the borrowers’ end, cross-sectional
variation in intermediary banks’ exposure gives rise to cross-sectional variation in borrowing
banks’ exposure and their likelihood of forming new links. Those with the most concentrated
exposure to the most affected intermediary banks (e.g., borrowers with only one link to the most
impacted intermediary bank) gain the most from forming new links. Our parameter estimates al-
low us to quantify these benefits, compare them against the estimated costs of link formation, and

thereby pin down which borrowing banks form new links.

The benefits of link formation also depend on with which intermediary bank a borrowing bank
chooses to form a new link. Using our parameter estimates, we can calculate the funding cost for
each intermediary to determine which one would offer a low enough funding cost (i.e., 4;(g}s¢))
for there to be a net benefit from link formation. In the end, we find that all new links formed by
borrowing banks are concentrated in intermediaries that have lower funding costs in the pre-crisis

period and that are unexposed during the crisis.

6. Effect of interbank funding costs on lending to the real economy

The quantity of loans extended by borrowing banks to firms provides further evidence for
our model and demonstrates the real impact of disruptions in interbank intermediation. Fig. 11
is a binned scatter plot of changes in borrowing banks’ loan supply to firms against changes in
borrowing banks’ model-implied interbank funding costs. For each bin, the average change in
loans to firms by all banks is subtracted to control for shifts in aggregate loan demand. The negative
trend is consistent with banks facing a downward-sloping demand for loans to firms, wherein the
number of fundable projects decreases as funding costs increase. On average, when a borrowing

bank’s funding increases by 100 bps, the loans it extends to firms decrease by 4.2%.

To address concerns of bank-specific loan demand, we examine changes in loans at the bank-
firm level and condition on borrowing by the same firm. Column (3) in Table 5 shows that loans to
firms drop by 5.5% for every 100 bps increase in funding costs, which is only slightly below the
unconditioned result in Column (2). Column (4) repeats the same specification and also includes
firm loans extended by lending banks, assuming that lending banks did not suffer direct impacts to
funding costs for their firm loans. The coefficients slightly change in magnitude but remain signif-
icantly negative, demonstrating that lending banks could not fully compensate for the contraction
in firm loan supply by borrowing banks. Therefore, the breakdown of interbank intermediation

during the Great Financial Crisis impacted the aggregate funding supply to the real economy.
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7. Counterfactual analysis

The Great Financial Crisis demonstrated how shocks to a few intermediary banks can affect
the funding costs and volume of a large number of borrowing banks. To shed light on the extent of
shock amplification through an increase in expected state verification costs in a network of sticky
monitoring relationships, we first extend our baseline model to allow for endogenous loan volumes
and borrowing from the central bank in Section 7.1. Then, we shock intermediary banks one at a
time and measure the aggregate impact on the banking system in Section 7.2. Finally, we examine
to what extent the provision of central bank funding can increase the volume of fundable loans in

the interbank market in Section 7.3.

7.1.  Extension: central bank liquidity facilities and endogenous loan volumes

We extend the baseline model by allowing banks to choose their funding volume and by grant-
ing them access to central bank funding. The inclusion of these realistic elements serves as a
robustness check of the baseline model and allows for a richer set of counterfactuals. In this sec-
tion, we focus on explaining the additions to the baseline framework and their implications. The
estimation and verification of the extension model are very similar to the baseline case and are

detailed in Appendix D.

First, we relax the assumption of fixed funding volumes and allow changes in interbank funding
costs to affect the volume of interbank loans fundable. We let borrowing banks and intermediary
banks face downward-sloping demand curves for interbank funding. Then, at ¢t = 0, they opt for

the optimal volume of interbank borrowing, V,* and V;*.

In addition to obtaining funding from the interbank market, banks can also borrow from the
central bank to fulfill their liquidity needs. In the German context, the ECB regularly conducts
LTROs in which banks can borrow for three months against eligible collateral.”> We extend the
model by letting borrowing and intermediary banks access ECB loans with probabilities P, and P; at
arate rgcp. These probabilities capture banks’ constraints in accessing central bank loans because
of their insufficient collateral and ECB allotment quotas. We use the proportion of ECB borrowing

as a fraction of the total balance sheet size as a proxy for collateral constraints because balance

2In the wake of the European sovereign debt crisis, the ECB further introduced longer-term LTROs, broadened the
scope of eligible collateral, and carried out asset purchase programs. These measures occur after our sample period.
The ECB also conducts week-long liquidity-providing operations called the main refinancing operation (MRO). The
MRO mainly affects short-term rates that signal the monetary policy stance. Since it is not meant to provide longer-
term refinancing to the financial sector, the MRO is unlikely to be a substitute for persistent interbank loans. Hence,
we set them aside in our analysis.
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sheet data cannot directly distinguish which assets are eligible as collateral. We parameterize P, =

ECBBorrowingy, ECBBorrowing;
TotalAsset sy, TotalAssets;

We use the 3-month repo rate for the cost of central bank borrowing, rgcp, because this rate closely
tracks the LTRO rate (Linzert et al., 2004).

and P, =p , where p is a common scaling coefficient to be estimated.

Re-estimating the model, we find that the overall magnitude of parameters and the model fit
remain largely unchanged. Please refer to Appendix D for detailed results. From the estimates for
p, we infer that the median intermediary borrowed 21.5% to 26.6% of its interbank funding from
the ECB in the crisis period. Similar conversions show that ECB funding tapped by periphery
banks is largely negligible. One potential explanation is that intermediary banks’ business model
involves the use of liquid assets, which are also eligible as collateral at the ECB. In contrast, smaller
periphery banks hold much less in securities and were likely more constrained in tapping secured

funding from the central bank.

7.2.  Credit risk shocks to intermediary banks

The first set of counterfactuals examines how increases in funding costs to individual interme-
diary banks spill over through the interbank network to affect the funding volume of borrowing
banks. To compare how the amplification of funding-cost increases varies with network connectiv-
ity, we shock intermediary banks one at a time by increasing the effective interbank funding costs
of the shocked intermediary by 50 bps based on the pre-crisis network. Specifically, we decrease
the average return of the shocked intermediary bank’s own projects such that the funding costs
required by lending banks increase by 50 bps. The variance of returns and all other balance sheet

characteristics are kept the same.

When an intermediary bank’s funding costs increase, the interbank funding volume for its own
projects decreases because of the downward-sloping demand curve. At the same time, the increase
in funding costs is passed on to connected borrowing banks, whose interbank funding volume also

contracts.

We find that intermediary banks’ connectivity to borrowing banks plays a crucial role in de-
termining the aggregate impact of the initial shock. As shown in Fig. 12, the drop in aggregate
interbank loans when an intermediary above the third quartile experiences a 50 bps funding cost
shock is 12.3 times that of a first-quartile intermediary. This difference in loan contractions is
predominantly driven by cuts in funding volumes at connected borrowing banks because more
connected intermediaries pass on shocks to a larger number of dependent borrowing banks. In
absolute terms, a 50 bps shock to intermediaries above the third quartile decreases total interbank

loans by 5.9%, in which 5% of the 5.9% stems from the contraction in borrowing banks’ loans.
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Network connectivity also matters from the perspective of borrowing banks. When a given
intermediary bank experiences increases in funding costs, the impact on its borrowers depends
on how many other intermediary banks they have loan relationships with. Additional links can
diversify shocks to individual intermediaries and dampen the overall impact on a borrowing bank’s
loans fundable. Fig. 13 shows the average changes in interbank funding volumes for connected
borrowing banks when intermediaries at the first, second, and third quartiles of loans intermediated
are shocked with a 50 bps increase in funding costs one at a time. On average, borrowing banks
with only one link suffer a 15.6% decline in interbank loans, while borrowers with two and three
links experience 9.8% and 6.6% in loan contractions, respectively. Notice, though, that these
results are obtained by shocking individual intermediary banks. The benefit of having more links

may diminish when funding shocks at intermediary banks are more systematic.

7.3. Changes in central bank funding policy

Our second set of counterfactuals examines how more accomodative central bank funding poli-
cies can improve funding volumes in the interbank market. As described in Section 7.1, the central
bank provides an outside option to funding from interbank markets at a rate rgcp that borrowing
banks and intermediary banks can access with probabilities P, and P;, which reflect constraints in
collateral availability and allotment quotas. We consider two scenarios. The first one involves low-
ering the ECB’s funding facility rate, rgcp, by 50 bps. The second one combines a 50 bps drop in
recp With a 25% increase in access probabilities P, and P;, which can be achieved through policy
measures such as allowing for a wider range of eligible collateral. Both scenarios are based on the

pre-crisis network, and balance sheet characteristics are kept unchanged.

Fig. 14 shows the effect of easing central bank funding policies on the interbank market. A 50
bps drop in ECB funding rates increases aggregate interbank loans by 2.96%. Combined with a
more accommodative collateral policy, the effect improves to 4.18%. The difference between these
two estimates is significant and arises from relaxing collateral constraints and allotment quotas for
accessing ECB funding. Indeed, both the eligibility criteria for collateral and allotment quotas

were relaxed later during the European sovereign debt crisis.

Comparing the results across counterfactuals, we find that funding-cost shocks to an individual
intermediary can lead to even larger reductions in loan volumes than a same-magnitude interest
rate cut at the ECB funding facility can ameliorate. This is in part because banks’ limited col-
lateral and binding allotment quotas constrain their access to ECB funding. At the same time,
shocks to individual intermediaries not only affect the intermediaries’ own interbank loans, they

also amplify through a concentrated and costly-to-adjust interbank network and curtail funding to
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a large number of connected borrowing banks. These results highlight the systemic importance of

intermediary banks in interbank markets.

8. Conclusion

In this paper, we establish a novel notion of interbank intermediation. In balancing persis-
tent funding needs, borrowing and lending banks rely on a small subset of intermediary banks to
channel funds on their behalf. Because the monitoring of borrowers is concentrated in a few in-
termediaries instead of a large number of lending banks, duplication in monitoring is alleviated.
Meanwhile, intermediary banks’ diversified portfolios minimize the cost of monitoring the moni-
tor. We develop a model of this intermediation arrangement in which banks trade off the costs of
forming credit relationships with the changes in surplus division from bargaining. Banks’ consid-
eration of this tradeoff is revealed by the links they choose to form. We structurally estimate the
unobserved monitoring costs based on the observed links in the German interbank lending market
before the Great Financial Crisis. We verify our model through an out-of-sample test of the Great
Financial Crisis. We also predict effects of similar crisis events, when shocks to a single interbank
intermediary bank can spill over to the rest of the banking system and contract lending by a large

number of borrowing banks to the real economy.

Knowing the magnitude of monitoring costs is essential for determining the degree of systemic
risk in interbank markets. In a frictionless world, shocks to intermediary banks would be contained
on their own balance sheets because dependent borrowers would costlessly form new links to
circumvent increases in funding costs. When monitoring of the borrower is more costly, switching
to new intermediaries becomes more expensive. The rigidity of adjustment determines the extent
to which an initial shock to intermediary funding costs is passed on to connected borrowing banks

and their lending to firms in the real economy.

This channel of systemic risk is quantitatively important. A 50 bps increase in the funding
costs of a highly connected intermediary can trigger an aggregate cut in interbank loans of 5.9%,
with the add-on effect from borrowing banks accounting for 5%. Using pre-crisis estimates of
monitoring costs, our model mechanism predicts 86% of the changes in network structure and
successfully matches observed trends in banks’ supply of loans to firms during the Great Financial
Crisis. These results demonstrate and verify that the spillover of funding-cost changes through

sticky interbank intermediation networks is a highly relevant source of systemic risk.

An interesting avenue for future research is how implicit and explicit government guarantees

affect systemic risk. If expected guarantees increase, lending banks would be less inclined to
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charge higher funding costs when intermediaries suffer capital shocks. This would better insure
against loan supply contractions, not only by the intermediary, but also by its dependent borrow-
ers. Nevertheless, the system-wide effects of potential incentive issues, e.g., moral hazard, would
also increase. Taken together, examining government interventions through the lens of interbank

intermediation will offer a more complete view of the subsidies to the banking sector.
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Table 1

Characteristics of Borrowing, Lending, and Intermediary Banks. This table reports balance sheet
characteristics for banks that borrow, lend, and intermediate in the interbank market. In a core-
periphery structure, lending and borrowing banks are in the periphery while intermediaries are in
the core. The statistics correspond to the first, second, and third quartile of the distribution for each
variable during the sample period from 2005:Q1 to 2009:Q4.

Borrowing Banks Lending Banks Intermediary Banks
Ql Q2 Q3 QI Q2 Q3 Q2
Total Assets (billion euro) 0.59 1.58 393 021 044 1.08 99.32
Equity Ratio (%) 485 559 602 477 545 6358 5.12
Ratio of Firm Loans (%) 60.15 66.30 71.52 70.30 79.54 85.42 39.11
Gross Return (%) 485 559 6.02 498 567 6.13 543
Loan Loss Reserves (%) 214 275 302 206 251 2.89 2.61

Table 2

Pre-crisis and Post-crisis Period Average Parameter Values. This table reports average parame-
ter values for borrowing banks and intermediary banks in the pre-crisis period from 2005:Q1 to
2007:Q2 and the post-crisis period from 2007:Q3 to 2009:Q4. r corresponds to the average 2-year
German bund yield. All remaining variables are obtained from bank balance sheets.

Borrowing Banks Intermediaries

Pre-crisis Post-crisis Pre-crisis Post-crisis

Gross Return (%) 5.54 5.34 5.32 4.89
r (%) 3.26 3.17 3.26 3.17
s.d.(Gross Return) (%) 1.28 1.31 0.42 0.61
Ratio of Firm Loans (%) 66.02 68.61 38.98 37.25
Total Assets (bn) 1.37 1.28 229.1 219.5
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Table 3

Estimation Results (Baseline Model). This table reports results from the maximum score estima-
tion of the baseline model. k represents the monitoring cost technology parameter for each link
between intermediaries and borrowing banks. C represents the state verification cost parameter
for each link between intermediaries and the average lender. p is the correlation of returns across
banks. The 95% confidence interval bounds, based on subsampling, are in parentheses. ** indi-
cates that the 95% confidence interval does not include zero. Inequalities Satisfied is the fraction
of correctly predicted links using the vector of parameter estimates.

p=0.12 p=0.18 p =024
Monitoring Cost k 1.408** 1.354** 1.283**
(0.876,2.198) (0.658,1.991) (0.641,1.816)
State Verification Cost C 0.240** 0.224** 0.212**
(0.076,0.389) (0.055,0.402) (0.040,0.441)
Inequalities Satisfied (%) 90.2 89.1 88.9
Number of Inequalities 8,265

Table 4

Percentage of Correctly Predicted Inequalities (Baseline Model). This table reports the percentage
of correctly predicted inequalities in the out-of-sample test of the Great Financial Crisis for the
baseline model. p refers to the correlation coefficient between borrowing banks. Each inequality
corresponds to a link between a borrowing and an intermediary bank. New Links Formed and No
New Links Formed refer to the fraction of correct predictions given that a new link was and was
not observed in the post-crisis network.

p=0.12 p=0.18 p=0.24

New Links Formed (%) 66.5 70.3 71.9
No New Links Formed (%) 86.7 86.0 854
Overall (%) 86.2 85.6 85.0
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Table 5

Impact on Firm Loans. This table reports the regression results of changes in firm loan supply by
borrowing banks on model-predicted changes in funding costs for borrowing banks. Columns 1
to 3 focus on the sample of firm loans from borrowing banks only. In addition to firm loans by
borrowing banks, The regression for column 4 further includes all firm loans by lending banks. The
dependent variable measures the log change in loans between a bank-firm pair before and after the
Great Financial Crisis. The main explanatory variable is the change in funding cost for borrowing
banks before and after the Great Financial Crisis. The remaining explanatory variables reflect
the average balance sheet characteristics of borrowing banks in the pre-crisis period. They are
expressed in percentages of total assets except for Log(Total Assets). Standard errors are clustered
at the bank level and shown in parentheses. * and ** indicate statistical significance at the 10%

and 5% levels, respectively.

A Log(Bank-Firm Loans)

(1) (2) (3) 4)
A Funding Cost (%) -0.063** -0.066"* -0.055** -0.059**
(0.019) (0.033) (0.026) (0.025)
Cash (%) 0.046* 0.041* 0.031
(0.026) (0.022) (0.029)
Log(Total Assets) 0.009 0.001 0.008**
(0.008) (0.001) (0.004)
Equity (%) 0.315 0.233 0.198*
(0.237) (0.156) (0.116)
Constant -0.029**  -0.031** -0.030** -0.015**
(0.013) (0.016) (0.015) (0.006)
Firm FE No No Yes Yes
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Figure 1

This figure is a visual representation of a simulated interbank network based on the German in-
terbank market. For the pre-crisis period from 2005:Q1 to 2007:Q2, the simulated data matches
the total number of core banks (blue circles), periphery lenders (green circles), and periphery bor-
rowers (yellow circles) to the German interbank data. It also matches the average number of links
formed by borrowing and lending banks in the periphery with intermediary banks. Each big circle
represents one core bank, and each smaller circle represents 8 to 10 periphery banks. In Panel (b),
the purple circles represent intermediary banks with direct exposure to the Great Financial Crisis,
and the red circles represent borrowing banks that were indirectly exposed through their connected
intermediary banks.
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Figure 2
This figure reports the bank-level persistence of interbank loans. It shows the percentage of net
lenders (net borrowers) that lend (borrow) in each quarter.
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Figure 3

This figure reports the distribution of domestic interbank loans by maturity bracket. It is calculated
by first collapsing to the time-series average for each periphery bank from 2005:Q1 to 2009:Q4
and then taking the average over the cross-section of banks.
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Figure 4

This figure reports quartiles of the net volume of interbank loans for net borrowing and net lending
banks. Within net borrowers (lenders), quartiles are defined by ranking banks in increasing order
of their average net volume borrowed (lent) from 2005:Q1 to 2007:Q2.
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Figure 5

This figure reports, by quartiles, interbank liabilities and assets of core banks, periphery borrowers,
and periphery lenders. The green and yellow bars represent the proportion of interbank assets and
liabilities as a percentage of total assets, respectively. Within each category, quartiles are defined by
ranking banks in increasing order of their average intermediated volume from 2005:Q1 to 2007:Q?2,
where intermediated volume is defined as the overlap between interbank assets and liabilities.
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Figure 6

This figure depicts a reshaped version of the simulated interbank network in Figure 1. We match
the total number of core banks (blue circles), periphery lenders (green circles), and periphery
borrowers (yellow circles) to the corresponding numbers in the German interbank market. We also
match the average number of links formed between borrowing and lending banks in the periphery
with intermediary banks. Each big circle represents one intermediary bank, and each smaller circle
represents 8 to 10 periphery banks.

Figure 7
Example I

(a) Network g° (b) Network g' (¢) Network g°
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Figure 8

Example II
(a) Network g* with Borrower B (b) Network g!' with Borrower B,
Figure 9
Example III
(a) Network g* with Intermediaries I (b) Network g' with Intermediaries I,
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Figure 10

This is a binned scatter plot of the number of new links formed by borrowing banks against model-
implied changes in their funding costs (bps) in the baseline model. It is obtained by first sorting
borrowing banks into 44 bins according to their model-implied funding-cost change during the
Great Financial Crisis. Each bin consists of about 10 borrowing banks. Then, the average number
of new links formed is plotted against the change in funding costs for each bin.
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Figure 11

This is a binned plot of changes in firm loan supply against model-implied changes in borrowers’
funding costs in the baseline model. It is obtained by first sorting borrowing banks into 44 bins
according to their model-implied funding-cost change from the Great Financial Crisis. Each bin
comprises about 10 borrowing banks. We control for changes in aggregate loan demand by sub-
tracting the market average change in firm loans from the average change in firm loans for each
bin. Finally, we plot the effective change in firm loan supply against the average change in funding
cost for each bin.
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Figure 12

This figure reports the effect of a hypothetical 50 bps increase in a given intermediary’s funding
costs on the volume of interbank loans. Q1, Q2, and Q3 correspond to results for the first-, second-,
and third-quartile intermediary bank ranked in increasing order of their intermediated loan volume.
>Q3 indicates the average for intermediaries above the third quartile. The dark bar corresponds
to the loan volume contraction from the intermediary’s own balance sheet, whereas the light bar
corresponds to that of its dependent borrowing banks. Estimates are based on the pre-crisis network
and pre-crisis interbank loan volumes.
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Figure 13

This figure reports the effect of a hypothetical 50 bps increase in a given intermediary’s fund-
ing costs on the volume of interbank funding for borrowing banks of different connectivity. Ql,
Q2, and Q3 correspond to borrowing banks connected to the first-, second-, and third-quartile in-
termediary ranked in increasing order of their intermediated loan volume. >Q3 corresponds to
borrowing banks connected to intermediaries above the third quartile. Borrowing banks in each
group are divided by the number of links they form with an intermediary bank. Estimates are based
on the pre-crisis network and pre-crisis interbank loan volumes.
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Figure 14

This figure reports the effect of a hypothetical accommodative ECB funding policy on loan supply.
The left bar shows the effect of a 50 bps decrease in the ECB funding rate. The right bar shows the
combined effect with a 25% increase in allotment volume or collateral availability. Estimates are
based on the pre-crisis network and pre-crisis interbank loan volumes.
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Appendix

A. Example

In this Appendix, we provide a step-by-step solution of the bargaining outcome of networks g'
and g2 as stated in Egs. (7) and (8). Recall that borrowing bank b is connected to one intermediary
in network g1 (Fig. 7(b)) and two intermediaries in network g2 (Fig. 7(c)). In network gO (Fig.
7(a)), the borrowing bank is not connected to any intermediary and relies on direct lending. Due

to equal bargaining power, we consider the borrowing bank’s utility without loss of generality.

When the borrowing bank bargains with its only connected intermdiary i in g', we have:
U(8") —Us(8") = Ui(g") — Ui(g")- (A1)

U, (g") is the utility of borrower b when bargaining with i breaks down and b is no longer connected
to any other intermediary, as in g¥. In that case, it resorts to direct borrowing from f%} lending
banks with cost k0. Given equal bargaining power between the borrowing bank and the lending
banks, the borrowing bank » would obtain half of its expected return, E[x;|, minus the risk-free

rate and incur half of the monitoring costs. That is,

1 1.V,
Uy(g®) = 3 Vo (Elxe] —r) =3 f”}ksh. (A.2)

Similarly, U;(g°) is the utility of intermediary i when bargaining with b breaks down and i is
no longer connected to any other borrower, as in g°. In that case, intermediary i funds its own
interbank loan volume, V;, with expected return, E[x;], and pays the risk-free rate and expected

state verification costs. That is,

Ui(g%) = Vi(E[xi] —r— (8", c)). (A.3)

Now, under g', both the borrower and the intermediary can fund their projects at the expected

(per-unit) state verification cost, A;(g',c). Hence, their combined surplus is:
Up(8") +Ui(g") = Vo (Elww] == Ai(g',¢)) + Vi(Exi] = r = Ailg' ). (A4)

Note that monitoring costs are not part of the surplus because they have been incurred at t = 0

before bargaining takes place.



Substituting Eqgs. (A.2) and (A.3) into Eq. (A.1), we have:
Up(g') —Ui(g") =W, —Vi(Elxi] —r— 2i(g°,¢)), (A.5)

where we used W, to denote Up(g°).

Then, adding Eqs. (A.4) and (A.5), we have:

1 1 1
Ub(gl) = EVb(E[xb] _r_li(gl7c)) + EV,’()Li(gO,C) _Ai(gl7c)) + Ewba (A.6)

which is the same as in Eq. (7) of the main text.

We can obtain Uy, (g?) in a similar way. Notice that in g2, there are two symmetric intermedi-
aries i = 1,2 connected to borrower b. When the borrowing bank bargains with any one intermdiary
in g2, we have:

Up(8*) —Us(g") = Ui(g*) — Ui(g"), (A7)

where the borrower’s utility when bargaining breaks down is Ub(g1 ), as in Eq. (A.6), and the utility
for the intermediary that bargains is just its stand-alone value without any connected borrowers as
in Eq. (A.3). Hence, substituting Eqgs. (A.3) and (A.6) into Eq. (A.7), we have:

Up(8*)—Ui(g*) = %Vb (Efxp) —r—2i(g",0)) +%Vi(7ti(g07€) —i(g',c)) +%Eb ~Vi(E[x] —r—2i(g%¢)).
(A.8)

At the same time, the borrower and the two intermediaries fund their projects at the expected
(per unit) state verification cost, 4;(g2,c). Hence, given symmetric intermediaries, the combined

surplus is:
Up(8°) +2Ui(g?) = Vo (Elxs) — r — Ai(g?,¢)) +2Vi (E[xi] — r — Xilg?, ¢)). (A9)
Solving Egs. (A.8) and (A.9) for Uy (g?), we have:

2 1 2 1 1
Un(8%) = $Vo (Elxs] —r) = 3Vo(Ai(8", )+ A%, €)) — Vi (FA(8%,) + 3 (8", ) = Ai(85¢)) + 3 Wy
(A.10)
which is the same as Eq. (8) in the main text.



B. Proofs

B.1. Proof of Proposition |

Proof. Applying Myerson (1980), we verify the sufficient condition that bargaining payoffs given
by Egs. (5) and (6) are part of a payoff structure over all subsets that induce balanced contribution

and efficiency.?* That is,

Wj(Vgas)_Wj(VgaS_CI):Wq(vgvs)_Wq(VgaS_j) VSCN,Vje S Vges, (B.1)
and
Y wi(ve.S) =vg(S) VS CN, (B.2)
JjES

where y;(vg,S) is the payoff to j when the cooperative game is restricted to coalition S.

Define g5 C g as the subnetwork, such that {i,b} € g5 if {i,b} € g, b€ S, and i € S. To verify

the balanced contribution condition, we show that for any j € S, letting

vi(ve,S) = Ui(g®) Vji=iclIns,
vi(ve,S) = Uylg’) Vj=beBNS,

Eq. (B.1) is satisfied. If the two equalities above hold, Eq. (B.2) follows trivially from the specifi-

cation of utilities in Eq. (6) and the characteristic function v (S).

The case in which at least one of j and g is not connected to any other bank in set S under net-
work g is trivial. When a bank is not connected to any other bank, its payoff equals its stand-alone
value. Borrowing banks would obtain their outside option of directly borrowing from lenders,
while intermediary banks would finance only their own projects. WLOG, let j be a stand-alone
bank. When any other bank is removed from S, j still yields its stand-alone value, while its re-
moval from the set does not impact the payoff of any other bank because it was not connected
to begin with. Hence, Vg € S, Eq. (B.1) is satisfied because y;(v,,S) — ¥j(vq,S —¢) = 0 and
Vg (vg,S) — Wy(vg, S —j) = 0.

If j and ¢q are directly connected under network g, one must be an intermediary, and the other

24 Alternatively, we could have also shown that the bargaining payoffs given by Eqs. (5) and (6) correspond to the first
difference of the potential function P proposed by Hart and Mas-Colell (1989).
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must be a borrower. Then, WLOG,

Ui(g®) = Ui(¢* ) = Ui(g®) — Ui(g® — {i,b}),
Up(8°) — Up(g°7) = Up(g®) — Up(s® — {i.b}).

Since Eq. (5) maintains that U;(g%) — U;(g° — {i,b}) = U, (g%) — U, (g® — {i,b}), Eq. (B.1) is
satisfied.
If j and ¢ are not directly connected, but each connects to at least one other bank in S under

network g, then they could be (i) two borrowers, (ii) two intermediaries, or (iii) one borrower and

one non-connected intermediary. We consider each of these cases individually.

Case 1: j=bandg="b

The goal is to show that:
Up(8”) —Up(8°™") = Uy (8°) = Uy (8" ")

Let I° be the set of intermediaries both b and b’ are linked to and denote them as i = i{, ..., {,.

Using Eq. (5), we can write the following equations:

Up(8%) = Up(g® — {i5.b}) = Ui (g°) — Ui (¢° — {if,b}),
Up(8® —{if,b}) — Up(g> — {if, b} — {i5,b}) = Up (8° — {if, b}) — U (8> — {if, b} — {i5,b}),

Up(8> — . = {ify—1,0}) = Up(8> — .. —{iy,0}) = Upg, (8° — .. — {iyy_1.0}) = Ugg, (8° — ... — {ify, 0}).

Denoting the sum of the right-hand sides as Q(g°), we have:
Us(oS N c _ N
»(8°) —Up(g” — ... — {ijy,b}) = Qp(g°). (B.3)

Similarly,

Up(857) = Up(g5 " — {i§,b}) = Ur (85 %) — Ui (85 - {mb})
Up(g5 —{i§,0}) — Up(g5" — {i§,b} — {i5,6}) = U ,-<“” {i5,6}) = Ug (85~ — {i5,b} — {i5,b}).

Up(8 7 — .= {if1,b}) —Up(8°" — . = {if,b}) = Uie (8% — .. = {i§y_1.b}) — Ui (8% — ... = {iy. b}).



Denoting the sum of the right-hand sides as Qb(gS*b/), we have:
Up(g5") = Up(857 — ... = {i§,0}) = (g5 7). (B.4)

Since borrowing banks not connected to any common intermediaries do not affect each other’s
payoff, Uy(g%) — Up(g> — ... — {i5;,b}) = Up(g5" — ... — {i§;,b}). Hence, deducting Eq. (B.4)
from Eq. (B.3) yields:

Us(8®) ~ Up(s* ") = Qu(g%) — (s* ") (B.5)

Repeating the above steps for borrower 4’ in place of borrower b,
Uy(8°) —Uy(8°") = Q(8°) — Qp(g* ). (B.6)
With some algebra, we can show that:
(") ~ (") = Q(e°) - Qu (e*).

Therefore,
Up(8%) —Up(8°™") = Uy (g”) —Up (" ).

Case2: j=iandg=1

The goal is to show that:
Ui(8") —Ui(e* ") = Un(g”) — Uy (" ).

Let B¢ be the set of intermediaries both i and i’ are linked to and denote them as b = b§, ..., b, .

Using Eq. (5), we can write the following equations:

Ui(¢®) = Ui(g® — {i,b(}) = Upc (¢°) — Upe (° — {1, b5}),
Ui(g® = {i,b5}) = Ui(g® — {i,b7} — {i,b5}) = Ups (8° — {i, b }) — Ups (¢° — {i, b} — {i,b5}),

Ui(g> — . = {i,bly_1}) = Ui(g® — . = {i, by }) = Upg, (8" — .. = {i.bjy_1 }) — Upg, (8° — .. = {i, by }).

Denoting the sum of the right-hand sides as Q;(g>), we have:

Ui(¢°) = Ui(g® — ... — {i, by }) = Qu(g”). (B.7)



Similarly,

Ui(gS*’.')—U( —{i,b{}) = Up; (") — Ups (65 —{i. b })
Ui(g*" —{i,bi}) —Ui(e® " —{i, b} — {i,b5}) = Ups (6" = {i,b5}) — Ung (€° " —{i, b} —{i. 5}),

! /

Ui — ..~ {i.b§y_1}) — Ui(g5~ {lbw}> Upg (85" — o = {i.by_1}) — Upe (857" — .. — {i, by }).

Denoting the sum of the right-hand sides as Q;(g5~"), we have:
Ui(e*") ~Ui(e™" — .~ {i. by }) = u(e* ). (B.3)

Since intermediary banks not connected to any common borrowing banks do not affect each
other’s payff, U;(g5~" — ... — {i, b5 & 1) =Ui(g> —...— {i,b,}). Hence, deducting Eq. (B.8) from
Eq. (B.7) yields:

Ui(g%) —Ui("") = Qu(g®) — Qu(g>). (B.9)

Repeating the above steps for intermediary i’ in place of intermediary i,
Up(g®) —Ur("") = Qu(g°) —Qu(&® ). (B.10)

With some algebra, we can show that:

Therefore,

Case3: j=iandg=0»b

The goal is to show that:
Ui(g) —Ui(8° ") = Up(8°) — Up(8* ).

Let B be the set of borrowers both i and intermediaries connected to b are connected to and
denote them as b¢ = bﬁ/, ...,bﬁ'/, ...,b‘c,{,. Similarly, let I¢ be the set of intermediaries both b and

. o o o
borrowers connected to i are connected to and denote them as i = li, ,13,. Further, define

/
lC

. .. /. .
common intermediaries that common borrower by, is connected to as z zwl, )



Based on Eq. (5), we can write the conditions for bargaining between intermediary i and its

borrowers in B¢ as:
Ui(8") —Ui(8* = {i.b7}) = Upe (8°) — Uye (¢ — {1 }),
Ui(gS - {ivbi }) - Ui(gS - {ivbi } - {i,b; }) = Ubg’ (gS - {i7b€ }) - Ubgl (gS - {ivbi } - {ivbg )7
Ui(8° = .. = {ibly 1 }) = Ui(g" — . = {i.biy}) = Uy (87 — . = {isby 1 1) = Uy (8" — . = {i. by )
Denoting the sum of the right-hand sides as Q] (g%), we have:

Ui(g®) = Ui(g® — ... — {i, by }) = Qi(g"). (B.11)

Similarly,

Ui(g87b) - Ui(gS7b - {i>b€ }> = Ubf’ (g87b) - Ubf' (gS7b - {i,b? )7
Ui(8*" —{i.b7}) = U™ " = {i,b0} = {i.05 }) = Uy (87" = {i. b5 }) — Uy (7" — {1, } = {i.05 }),

U5 — . —{i,b5 V) —Ui(g5 0 — ... —{i,b§y}) = Uba//(gs_b — =B ) — Ub%(gs_b — = {i, b5 }).
Denoting the sum of the right-hand sides as Q] (g577), we have:

Ui(8¥0) = Ui(g5™" — ... — {i, by }) = Qi(g57"). (B.12)

When an intermediary i is not connected to any borrowing banks that connect to other inter-
mediaries to which a given borrowing bank is connected, that borrowing bank does not affect i’s
payoff. Thus, Ub;.‘// (85— ... —{i,b}) = Ub% (¢5% — ... = {i,b,}), and deducting Eq. (B.12) from
Eq. (B.11) yields:

Ui(g®) ~ Ui(8*") = Q") — (5" ). (B.13)

Next, we again apply Eq. (5) to set up conditions for bargaining between borrower b and its



intermediaries in I°’:
Us(8%) = Up(s* — {if .b}) = Uy (8*) = U (8° — {if . 5}).

Up(8® —{i .b}) = Up(g® —{if .0} —{i5,b}) = Uy (¢° —{if .b}) — U (6° — {if b} — {i5.b}).
UAgS—~-—{ﬁ}llﬁ)—l@Qf—wn—{ﬁZb});l%%gs—n-—{ﬁ}11&)—l%%gs—~-—{ﬁkbb-
Denoting the sum of the right-hand sides as Q} (g%), we have:

Up(8%) = Up(8® — ... — {ify. b}) = Q}(g%). (B.14)

Similarly,

Up(g™) = Up(g™" = {i1,}) = Uy (67) = Uy (6" {11, 0}),
U(8"~ 43§ bY) ~ Up(g* — b} — {15 DY) = Uy (6 — {3 b)) ~ U (¢° — {if b} — {15 .},

Up(8°" == {ily1:0}) = Up(8° " — . = (i b}) = Uy (87 = . = {iy 1,0} — Uy (8" — .. = {15y, b}).
Denoting the sum of the right-hand sides as Q} (%), we have:

Up(g57) = Up(g57 — .. — (S, b}) = Q5 (g57). (B.15)

When a borrowing bank b does not connect to any intermediaries that share borrowing banks

with an intermediary, that intermediary does not affect b’s payoff. Thus, Uy (g5 — ... — {iﬁ;,b}) =
Up(g5 ' —...— {iﬁ;,b}), and deducting Eq. (B.15) from Eq. (B.14) yields:
Up(8”) —Up(8°™") = Q(g") — Q4 (°7)- (B.16)

Distinct from the previous two cases, note that Q (g°) —Q} (g°)

S—b)

is expressed in terms of pay-
offs for common intermediaries in I, while Q;(gs )—Ql(g is in terms of payoffs for common
borrowers in B¢. We can then show that Q) (g% — Q) (g5 = Qi(g5) — Ql(g5") when substi-
tuting either side with the conditions guiding bargaining between common borrowers and their

respective common intermediaries.

]



C. Core and periphery selection

We follow the iterative algorithm by Craig and Von Peter (2014) to identify core and periphery
banks based on the network structure. This is a standard procedure in the literature and has been
adopted in a number of papers (e.g., Gabrieli and Georg, 2014; in’t Veld and van Lelyveld, 2014;
Fricke and Lux, 2015).

In our context, the model tries to fit banks into two distinct subsets based on their network
position—a core and a periphery. Ideally, the core comprises a subset of banks that are linked
among themselves, and the periphery represents the remaining banks that connect to the core banks
but not with each other. This structure can be seen as a generalization of the star network, in which
a single bank in the center of the network connects all other banks that are not connected to each

other.

To represent the interbank network, we can form a square matrix of dimensions equal to the
number of banks. The element (i, j) is set to zero and one in the absence and presence of a
credit relationship where bank i lends to bank j. Similarly, when bank j lends to bank i, element
(j,i) is set equal to one. In block modeling terms, an ideal core-periphery structure maps into
an adjacency matrix, M, where connections between cores are represented by a region containing
only ones, (CC), whereas connections between periphery banks are represented by a region with
only zeros, (PP). Off-diagonal regions in the matrix are represented by a row-regular and column-

Mz(l CP). (C.1)
PC O

To identify the core and periphery in the data, Craig and Von Peter (2014) derive an opti-

regular matrix, respectively. That is,

mization technique to find the partition that most resembles M. They first define a measure of
the distance between the observed network and the ideal pattern M and then solve for the optimal
partition of banks into core and periphery that minimizes the error term. Formally, for a given

partition of core banks, G, the error score is determined as follows:

Ecc+Epp+ (Ecp+Epc)
Number of Links

e(G) = (C2)

where E.., Epp, Ecp, and E,. represent the number of inconsistencies in the four matrix regions

generated by partition G with respect to the ideal core-periphery structure.

We apply this algorithm to our quarterly network data to identify core and periphery banks.

9



Banks that are in the core more than 50% of the time in both the pre- and post-crisis periods are
defined as core banks in our sample. Note that this is robust to increasing the threshold value to

90% and altering penalty scores, consistent with high persistence in the network structure.

D. Estimation of the extension model

In this section, we extend the baseline model by allowing banks to optimize their funding vol-
ume when choosing interbank relationships and by granting them access to central bank funding.
The inclusion of these realistic elements verifies the robustness of the baseline model and offers

the capacity for testing richer counterfactuals.

D.1. FEndogenous loan volume

In the baseline model, we assume that banks generate a fixed funding need from their inter-
action with the real economy, which they then seek to fulfill from the interbank market. We now

relax this assumption by allowing banks to adjust the extensive margin of their interbank loans.

Let borrowing banks and intermediary banks face downward-sloping demand curves for in-
terbank funding with marginal revenue o, — 0V, and @p; — ap;V;, respectively. Then, when
deciding over links at t = 0, they also opt for the optimal volume of borrowing, V," and V;*. This

yields modified Shapley values dependent on the chosen volumes:

_ b
“IN&
Ui(8,V) = 6i(vg) = @;[vmeﬁ O{i}) — wig(PR)).

where PR (PF) is the set of players in N, which precede b (i) in the order R and vy () is the
characteristic function for a subset of banks S with volumes V under network g,

Vi Vi g 7
Vv’g(S) = Z/ (Xli—OCZiVl'—I’—li(gS,C)dVi—f— Zzﬁ/ OC]b—OCZbe—}’—Al’(gS,C)dVb
ies”0 besies Vo Jo

+ )Y W,

bES, N, (g)NS=0

We use two conditions to pin down the bank-level demand parameters, o and ;. First, banks

10



break even on the margin, so that funding volumes satisfy the following first-order condition:

( 8l]b (V7 g) 0
Wy v=v* ’
g=g
(D.1)
aVl y=v*
\ g=g¢*

Second, the gross return on assets observed in the data map into the average return on assets in
equilibrium:

1 *
ROAb = 01p — E(Xzbvb y
: (D.2)
ROA; = aq; — E(Xzivi*.

D.2. Central bank funding facilities

In addition to obtaining funding from the interbank market, banks can also borrow from the
central bank to fulfill their liquidity needs. In the German context, the ECB regularly conducts
LTROs in which banks can borrow for a duration of three months against eligible collateral. We

extend the model by allowing for the outside option of secured borrowing from the ECB.

In the wake of the European sovereign debt crisis, the ECB further introduced longer-term
LTROs, broadened the scope of eligible collateral, and carried out asset purchase programs. These
measures occur after our sample period, which focuses on the Great Financial Crisis. The ECB
also conducts week-long liquidity-providing operations called the MRO. The MRO mainly affects
short-term rates, which signal the monetary policy stance. Since it is not meant to provide longer-
term refinancing for the financial sector, the MRO is unlikely to be a substitute for persistent
interbank loans. Hence, we set them aside in our analysis. In fact, even if considered, the average

volume of MROs in our sample period is extremely small.

Specifically, we let borrowing and intermediary banks borrow from the ECB in t = 2 with
probabilities P, and P;, respectively. Otherwise, they continue to borrow from the interbank market.
Since ECB loans are secured, the likelihood of borrowing varies with the amount of available
collateral. We use the proportion of ECB borrowing as a fraction of the total balance sheet size as a
proxy because balance sheet data cannot directly distinguish which assets are eligible as collateral.
To map the proxy variable into the actual borrowing likelihoods, we further allow for a scaling

parameter, p. This scaling parameter also accounts for the fact that not all bids were honored given

ECBBorrowing

the fixed allotment quota. Thus, we parameterize P = p=7 """
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f ECBBorrowing -

The distribution o TotalAssers

is displayed in Table D.1. We observe that the vast majority
of borrowing and lending banks do not borrow from the ECB.? Intermediary banks borrow much
more on average, which is likely because their business model requires more liquid assets that can

also serve as collateral.

We use the 3-month repo rate provided by the European Money Market Institute to proxy for the
cost of borrowing from the ECB because LTRO auction bids are not publicly avilable. Neverthless,
the 3-month repo rate has been shown to closely track the LTRO rate (Linzert et al., 2004). The

average rates for the pre- and post-crisis periods are 2.83% and 2.61%, respectively.

D.3. Estimation and results

Similar to the baseline model’s estimation, we find the extension model parameters that max-
imize the maximum score estimator. Compared to the baseline case, bilateral deviations from g*
to ¢’ and g” are now associated with respective changes in funding volume from V* to V' and V",
which reflect adjustments in funding volume given network contingent diversification. There is
also an additional parameter p to capture the outside option of obtaining funding from the ECB.

Specifically, the score function becomes:

* Y7 1
Q(C,k,p): Z Z H[Ub(g V 7C,k7p)_Ub(g/>V/>C7k7p)_EkabZO]
i€l beN;(g*)

* * 1
—I—Z Z Ub (&' V" c,k,p)—Uy(g*,V ,c,k,p)—Eka <0].
i€l b¢N;(g*)

The estimation results are shown in Table D.2. Compared to the baseline model results, both the
monitoring cost parameter, k, and the state verification parameter, C, slightly increased in magni-
tude. On the one hand, new links provide the additional gain of increasing funding volume. On the
other hand, the ECB’s funding provision lowers the average funding cost for intermediaries. The
benefits from interbank lending relationships are therefore higher relative to the baseline model’s.
Hence, to rationalize the same equilibrium network, monitoring costs increase accordingly. The
estimates for p imply that the median intermediary borrows about 9.1% to 11.2% of its interbank
funding from the ECB before the crisis. This value increases to around 21.5% to 26.6% after the
crisis. Similar conversions show that ECB funding tapped by periphery banks is largely negligible.

We verify the extension model’s parameter estimates with data from the post-crisis period.

Compared to the baseline model’s, the accuracy of the out-of-sample prediction is slightly im-

ZBorrowing from the ECB increased in later years during the European sovereign debt crisis, which is not part of our
sample period.
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proved for all three correlation cases. As shown in Table D.3, the percentage of correct predictions
is between 86.8% and 89.0% compared to the previous 85.0% to 86.2%.

Table D.1

Ratio of ECB Funding to Total Asset Size. This table reports summary statistics for the amount of
non-overnight borrowing from the ECB as a fraction of total assets. Quartiles and means reported
are for borrowing banks, lending banks, and intermediary banks in the pre- and post-crisis periods.
Values are in percentages.

Pre-crisis Post-crisis
Ql Q2 Q3 Mean QI Q2 Q3 Mean

Borrowers 0.00 0.00 032 076 0.00 0.18 0.86 0.75
Intermediaries 0.30 1.63 793 281 122 3.85 982 3.56
Lenders 0.00 0.00 0.00 0.26 0.00 0.15 0.87 0.89

Table D.2

Estimation Results (Extension Model). This table reports results from the maximum score estima-
tion of the extension model. k represents the monitoring cost technology parameter for each link
between intermediaries and borrowing banks. C represents the state verification cost parameter
for each link between intermediaries and the average lender. p is the correlation of returns across
banks. The 95% confidence interval bounds, based on subsampling, are in parentheses. ** indi-
cates that the 95% confidence interval does not include zero. Inequalities Satisfied is the fraction
of correctly predicted links using the vector of parameter estimates.

p=0.12 p=0.18 p=0.24

Monitoring Cost k 1.293** 1.412** 1.451**

(0.650,1.999) (0.527,2.218) (0.353,1.731)
State Verification Cost C 0.286** 0.239** 0.279**

(0.057,0.397) (0.081,0.388) (0.066,0.455)
ECB Funding p 5.590** 6.053** 6.897**

(3.112,8.781) (3.477,8.913) (2.678,9.015)
Inequalities Satisfied (%) 91.8 90.9 89.5
Number of Inequalities 8,265
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Table D.3

Percentage of Correctly Predicted Inequalities (Extension). This table reports the percentage of
correctly predicted inequalities in the out-of-sample test of the Great Financial Crisis for the ex-
tension model. p refers to the correlation coefficient between borrowing banks. Each inequality
corresponds to a link between a borrowing and an intermediary bank. New Links Formed and No
New Links Formed refer to the fraction of correct predictions given that a new link was and was

not observed in the post-crisis network.

p=012 p=018 p=024

New Links Formed (%) 72.4
No New Links Formed (%) 88.7
Overall (%) 88.3

76.2
89.3
89.0

75.1
87.1
86.8

14



Internet Appendix

A. Computation and estimation

This Internet Appendix presents a step-by-step guide to estimating our structural model. It is
divided into three main sections. First, we outline the preparation of the input data for our analysis
in Section A.1. Then, we walk through the Shapley value calculation given any network in Section
A.2. Finally, in Section A.3, we explain the estimation of our parameters using the maximum
score estimator, which compares the Shapley values and monitoring costs in the observed network,
g*, against the Shapley values and monitoring costs for all one-link deviations from the observed
network, i.e., g = g* —{i,b} and g" = g* + {i,b}. The three sections can be followed to complete
our estimation procedure. Individual steps may also serve as a guide for applications to other
contexts. For example, Section A.3 can be applied for structural models using the maximum score

estimator in general.

A.l. Data preparation

A.1.1. Network data

We start with a sample of quarterly bilateral loan volumes (stock) between all banks con-
solidated at the banking-group level. We obtain the average bilateral volumes from 2005:Q1 to
2007:Q2 for the pre-crisis period and the average bilateral volumes from 2007:Q3 to 2009:Q4 for
the post-crisis period. We further sum the bilateral loan volumes at the bank level to classify them
into interbank lenders and interbank borrowers. At the same time, the core-periphery selection
procedure detailed in Appendix C sorts banks into a set of core and periphery banks. We denote
banks in the core as intermediary banks, and those in the periphery as either periphery lenders or

periphery borrowers.

Our model focuses on the detailed network structure between borrowing banks and intermedi-
ary banks. Intermediary banks’ interbank funding volumes, V;, are obtained by deducting the total
interbank lending volume from the total interbank borrowing volume for intermediary i. We de-
note the observed bilateral volumes between intermediary bank i and borrowing banks b as Vlj( g,
where g* is the observed network. To simplify the analysis, we drop links in which borrowing
banks are lending to intermediaries. In our sample, this procedure removes 4.1% of the total loans
between intermediary banks and periphery borrowers. When V/(g*) > 0, we have {i,g} € g*,

i € Np(g*), and b € N;(g*), where Nj(g*) denotes the set of intermediaries connected to borrower
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b under network g* and N;(g*) denotes the set of borrowers connected to intermediary i under

network g*.

For lending banks, we obtain L as the average bank-level lending volume of all lending banks

in the system.

A.1.2. Other data

We extract a number of variables from monthly bank balance sheets. Regarding the distribution
of returns, we obtain the time-series sample mean, U, (U;), and sample standard deviation, o}, (0;),
of gross returns over assets for borrowing banks (intermediary banks ). We exclude returns and
assets from other banks (MFIs) as part of our calculation. For intermediary banks, we further

record their nonbank assets as A;.

We multiply the ratio of firm loans by the asset size to obtain J, and J; for borrowing and
intermediary banks. As described in the text, &, and ; allow us to parameterize the monitoring
and state verification cost parameters to reflect that larger and more opaque banks are more costly

to monitor.

For the outside option rate, r, we use the average 2-year German bund yield.

A.2.  Shapley value computation

In this section, we derive Shapley values given a network. We first set up the calculation of an
intermediary’s portfolio return, y;, and the intermediary’s state verification cost, 4;(g,c). Then, we
go over the characteristic function, vg(S), which indicates the total value created by a set of banks
in § C N. The average contribution of a given bank is then obtained as its Shapley value. Finally,

we provide a simple example as a demonstration.

A.2.1. Portfolio return y;

From Eq. (1), we can write the distribution of an intermediary i’s portfolio, which is the
weighted average of the intermediary’s own portfolio return and that of its connected borrowers

under network g, as:

1 . .
Yi= Y Vi (Apx; + Z Vi (8)xp) = wilg)xi + Z Wf')(g)xb = wi(g)'x. (A1)
l+bel§(g) 5(8) bEN;(g) beEN;(g)



Assuming that every borrower’s return, x,, and the intermediary’s nonbank portfolio return,

x;j, are jointly normally distributed with a common correlation parameter, p, we obtain the dis-

tribution of y; as a normal distribution with mean ,uf = wj(g)'u and standard deviation Gl.g =
wi(g)'Zw;i(g), where:

i 2
u O, po;01 ... POG;Oy
1 2
= and 5 — po;c;  Of ... POIOy
Up 2
po;0, pPO10,; ... (o)

All elements in y and X are obtained from the data, except for the correlation parameter, p. In
the data, we find the average time-series correlation to be 0.22. However, since asset correlations
can change during different stages of the business cycle and given our relatively short time series,
we estimate the model for the range of correlation values outlined by the Basel regulation, which
is between 0.12 and 0.24. Specifically, we repeat our analysis with the asset correlation parameter

equal to 0.12, 0.18, and 0.24, respectively.

For the observed network, g*, elements in w;(g) can also be directly taken from the data, where:

A+ Y Vg
beN;(g*)
) Vi(g")
wh(g*) = b

A+ Y VilgY)
beN;(g*)

wi(g")

(A.2)

(A.3)

When a given network deviates from the observed network, g*, the same equations apply but

with V//(g*) replaced by V//(g). We explain how V}(g) is determined in Section A.2.2.

A.2.2. State verification cost A;(g,c)

Based on the distribution of y;, we can determine how each of the intermediary’s funding costs
depends on the network, g, and state verification parameter, c. Recall from Section 3.2 in the main
text that the expected state verification cost for an intermediary bank i under a given network g is
Ai(g,c) = [F®) c5.dH (y;), where:

Ri(g) Ri(g) R
/ cGidH(yi)) +r :/ yidH (y;) + Ri(g)dH (yi).
R R Ri(g)
Expected State‘\%riﬁcation Cost Expected Returr??)f Debt Contract



Equivalently, we can write:

(8) — 1 () — uf
ea(ME I a8 S ot g M i) (1 - oM
(A.4)

i i i i
where ¢ and @ are the PDF and CDF of the standard normal distribution, respectively.

The goal is to obtain c; CID(M) as a function of ¢. uf and 67 can be directly calculated
from the data given network g, as shown in the previous section. However, according to Eq. (A.4),

Ri(g) is a nonlinear function of g, uf, of, &, and ¢, which is the parameter to be estimated. For ease
( ) IJI )
o’

1

of computing Shapley values, we approximate ®(— using a first-order Taylor expansion in

c for a given network g. That is,

u
Mg = oo ME M) gy g)c s )
i
We check that our first-order Taylor expansion is an accurate approximation for a grid of uf,
of, and R;(g). If closer estimates are required, Taylor expansions of higher orders or iterative

methods may be used.

A.2.3. Characteristic function

We next derive the characteristic function, v, in terms of the parameters ¢ and k. Recall that

the characteristic function assigns a payoff v4(S) for a subset of banks S C N under network g:

= Y ViI[Ex]—r—2 i(g%,¢) —i—ZZVb )[E[xs] — 1] — Ai(g®,0)] + Y W,

ieS beSieS | beS,Ny(g)NS=0

J/

Value - Funding Cost of Intermediaries ~ Value - Funding Cost of Connected Borrowers

(A.5)
where W, =V, (g) (E[xy] — 1) — [%11{5;, is the value of stand-alone borrowers.

For a given network g and a subset of banks S, v,(S) calculates the total value generated by the
banks in S from the links with other banks in S. Values generated by links in g wherein one or both
counterparties are not part of § are not included. Hence, the first step after selecting a subset of
banks S is to find the new network of links within the subset, gS , where {i,b} € gS ifies, bes,
and {i,b} € g.

Then, we calculate the bilateral volumes, Vlf (gs), associated with gS . When all banks are
selected, then the bilateral volumes are simply the ones observed in the data, i.e., V}(g%) = V/(g*).

Otherwise, because of the bargaining described in Section 3.3 of the main text, a borrowing bank’s
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funding volume, V},, is proportionately redistributed to its existing links in g5:

V(8"
Vig®) = Vb—wes, (A.6)
v8 ZlESV ( )
where % is the proportion of loans in link {i,b} when only intermediaries in S are selected.
icS

When all intermediaries are selected, ¥ Vi(g*) = Vj, and Vi (g%) = Vi(g*).

The bilateral volumes, Vbi (gS ), are used to obtain the volume of loans in Eq. (A.5). We also
use the bilateral volumes to calculate an intermediary’s funding cost, A;(g’%,¢), in Eq. (A.5). Thus,
Egs. (A.2) and (A.3) under network gS are:

A;

i S
wh(g”) = - , (A7)
(&) Ai+ X Vb(gs)
beN;(g*)
Vi S
wh(g5) = »(8") S (A.8)
Ai+ Y Vh(g)
beN;(g*)

The remaining inputs for v(S) are V;, E[x;| = Wi, E[xp] = Up, r, L, 8, and §;, all of which are
directly obtained from the data.

A.2.4. Average over permutations

Finally, we calculate the Shapley values for borrowing and intermediary banks:

Up(g) = 9n(ve) = |N1|,Z[vg<Pb U{B}) = ve(BR)]
1 (A.9)
Ui(5) = i) = ElPRUL) ~ v )

where Pf (PR) is the set of banks in N that precede b (i) in the order R.

Recall that the Shapley value for a bank is defined as the average value it contributes to the
coalition (i.e., the set of banks in N). To calculate Shapley values for borrowing bank b, we first
arrange the banks in our sample into a given permutation, i.e., an order, R. Then, we locate bank
b in that permutation and calculate the value of the characteristic function including and excluding
bank b, which are vy (PR U {b}) and v,(PF), respectively. The difference between ve(PR U {b})
and v, (sz> is the value that bank b contributes to the coalition given the permutation we have

chosen. We repeat the calculation by permutation and take their average to be the Shapley value
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for borrowing bank b. The same can be done for all borrowing banks in the sample. Notice that
Shapley values are also defined for intermediary banks i. However, our maximum score estimation
can be obtained based on the borrowing banks’ utilities only because of the symmetric bargaining
power between borrowing and intermediary banks. Hence, we need to keep track of only the

borrowing banks’ Shapley values.

Since the characteristic function, v(S), is expressed as a linear function in &, c, 2, and a con-
stant, the Shapley values for banks in the observed network g* are linear functions of the same

parameters.

A.2.5. An example

We provide a simple example to demonstrate the calculation of Shapley values for a given
network. We re-use the networks in Example I of the main text, where g2 has one borrower, b = 1,
connected to two identical intermediaries, i = 1 and i = 2, and g1 has one borrower connected to

only one intermediary.

We first obtain variables from the data. For ease of exposition, let the intermediaries be sym-
metric such that the means and variances of their project returns and their own interbank funding
volumes are U, = U; = U;, 0o = 6] = 0;, and V| =V, =V, respectively. Also, let intermediaries’
non-interbank asset size be A| = A, = A;. Let the borrower’s project be equally funded by the two
intermediaries in equilibrium, i.e., V}!(g%) = V?(g?) = £V, and let the project return have mean

and variance of u; and sz, respectively. The variables &;, 8y, and r are also taken from the data.

Second, to obtain A;(g%,c), we prepare the distribution of intermediaries’ effective portfolio

returns and the associated state verification costs. In the observed network g2, we have:

2

.ufg = W?‘ub‘f‘wfuuia
72 [ [
of = (w)?c?+2pwiwloyoi+ (W) af,
where:
i Ai o Ai
W = i(o2) ’
Ai_|_Vb(g ) A;+ 0.5V,
b Vg(gz) 0.5V,

' Ai—I-VI;(gZ) A;+0.5V,
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Third, we derive the characteristic functions. When S includes all three banks, we have:

ve({B, 11,1 }) = 2Vi [ — r — Ai(g%,¢)] + Vi [ — r — Ai(g?,¢) .

When S includes the borrowing bank and only one intermediary as in network g’, the borrowing

bank’s volume would be redistributed to the included intermediary, such that:

: Vi(g®)
Vigh) = L2l =v,
(&) bV,,’(gz) b
W A; A
: Ai+Vi(gh) AtV
Vi(g! %
wh = b(g ) . b

L AHYiE) AV

Then, the characteristic function is:

ve({B.11}) =vg({B,1b}) = Vi[tti— r— Ai(g", )] + Vi [wp — r — Ai(g" ,¢)].

When only the borrower is selected, it has to resort to its outside option of borrowing directly from
lending banks as in network g:

ve({B}) = W,.

At the same time, when only intermediary banks are selected without the borrowing bank, the

0
portfolio return of intermediaries is just their own project as in network g°, i.e., uig = ; and

0
od

1

= O;:

ve({l,h}) = 2Vi[i—r—2i(g" )],
ve({I}) =ve({R}) = Vi[wi—r—2i(s%c)].

Finally, we can calculate the borrowing bank’s Shapley values as its average contribution. Al-
though there are six permutations of the three banks, the two intermediary banks are symmetric,
so that only the position of the borrowing bank matters in determining the contribution of the bor-
rowing bank. Specifically, when the borrowing bank is the first in the order, R, i.e., (B,I;,5) or
(B,I, 1), we have:

ve({B}) —ve({}) = W, —0=W,. (A.10)



When the borrowing bank is in the second position, i.e., (I1,B,) or (I,B,1I}), we have:

ve({11,BY) —ve({1i}) = Vilwi—r—2i(g",0)] +Vy [ty —r—2i(g",0)] = Vil — r — (8", )],
= Vi[A(g® ) = Ai(g" )] + Vi (o — r— Ni(g',c)]. (A.11)

Intuitively, the borrower contributes its own value, Vj, [, — r — A;( g! ,¢)], and changes the fund-
ing cost for the intermediary from V;A;(g°,¢) to Vi4;(g',c). The gross return of the intermediary,
Vi[i; — r], is not part of the borrower’s contribution because it was already present when the inter-
mediary alone was part of the selected agents. Similarly, when the borrower is in the third position,

i.e., (I1,5,B) or (I,1,B), its contribution becomes:

ve({li,,B}) —ve({hi,}) = 2V, [li(go,c) —li(gz,c)} + Vi [p —r—li(gz,c)}. (A.12)

The borrower contributes its own value, Vj, [, —r — (g, ¢)], and changes the per-unit funding

cost of both intermediaries from ;(g%, ¢) to 4;(g%, ¢).

The Shapley value of the borrowing bank is then simply the average of Egs. (A.10), (A.11),
and (A.12):

2 1 2 1 1
(bb(vg) = §Vb [:ub —I’] - ng [l(gz,c) +)L<g17c)] _‘/i[§)L<g27C) + gl(gl,c) _l(g07c)} +§wba

which is the same as we derived in Eq. (8) of the main text.

A.3. Maximum score estimation

In the previous section, we expressed Shapley values for borrowing banks in the observed
network, g*. In this section, we first set up inequality conditions by comparing Shapley values
in the observed network against Shapley values in networks with one-link deviations. Then, we

explain the optimization of the score function and the computation of standard errors.

A.3.1. Inequality conditions

After expressing Shapley values for borrowing banks in the observed network, g*, we express
their Shapley values under the alternative networks g’ = ¢* — {i,b}, where {i,b} € g*, and g’ =
g" +{i,b}, where {i,b} ¢ g*.

Specifically, for each borrowing bank b, we repeat the Shapley value calculation by removing

its links from network g* one link at a time. That is, Up(g') = @p(vy), where g’ = g* — {i,b}
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and {i,b} € g*. Inputs to the Shapley value calculation remain the same except for a proportional

redistribution of the borrowing bank’s funding volumes to the remaining links as in Eq. (A.6):

vy(g")
ZiENb (g Vé (g* )

Vi(g) =Vi(g") Vi€ Ny(g)), (A.13)
where Nj,(g') is the set of intermediaries connected to borrowing bank b under network g’. Then,

for each new network g’, we can write the pairwise stability condition:

1
Up(g") = Up(8') = 585k > 0. (A.14)

Similarly, for each borrowing bank b, we repeat the Shapley value calculation by adding one
new link at a time to the existing network. That is, Uy(g") = @p(v,r), where g” = ¢* 4 {i,b} and
{i,b} ¢ g*. The borrowing bank’s funding volumes are also proportionally redistributed to the new
link. Then, for each new network g” formed by adding a new link to g*, we can write the pairwise

stability condition:
* 2 1
Up(8") ~ Un(g") — 585k < 0. (A.15)

We collect all inequalities to set up the score function:

1
Q(C’k) - Z Z ]].[Ub(g*,c,k>—Ub(g/,C,k)—Ek(Sb > 0]
i€lbeN;(g*)

1
+Z Z ﬂ[Ub<g//7C7k)_Ub(g*7cak)_§k5b <O}7
i€lb¢Ni(g¥)

which computes the number of inequality conditions satisfied under the observed network, g*, and
the unknown parameters, ¢ and k. The first part comprises inequality conditions for all observed
links, and the second part comprises those for unobserved links. Since Shapley values are a func-
tion of ¢, ¢2, and k, the value of the score function is determined by a set of ¢ and k under the

observed network g*.



A.3.2. Optimization

We use the differential evolution algorithm proposed by Storn and Price (1997) to find param-
eter estimates ¢ and k that maximize the score function, Q(c,k). In general, the score function is
not continuous with respect to the estimated parameters, so that it only allows for set identifica-
tion. However, we repeat the optimization 20 times with different initial populations and obtain
the same value for the objective function and the same point estimates of the parameters up to
three decimal figures. Following Fox (2008), we therefore assume the model to be point identified
in the limit. The precision of the estimates in our case arises from the relatively large number of

inequality conditions and the relatively small number of parameters.

The differential evolution algorithm is computationally efficient for a large network like ours
and does not suffer from the curse of dimensionality as other maximum likelihood estimators
do. The challenge lies in making sure that the estimated parameters are attained at the global
optimum rather than at one of the local optima. To this end, we first plot the score function over
a wide grid of ¢ and k to narrow down the region over which to apply the differential evolution
algorithm. This step is made possible by having only two parameters in the baseline model. The
understanding of the score function behavior developed from the baseline model was also very
helpful in informing the selection of the optimization region for the extension models. Hence,
even for models with a larger number of parameters, we encourage examining the score function
based on a low-dimensional set of parameters first to better assess whether the computed optimum

is a global maximum.

Finally, we generate confidence intervals by drawing 100 random subsamples of a quarter of
the full sample. This approach follows Politis and Romano (1994) and Delgado et al. (2001). Then,

letting ng be the fraction of the subsample, the empirical sampling distribution is given by:

>
>
>

Bs = (n5)3(B —Bs) + B,

where f; = [¢; k5]’ and B = [¢ k]’ refer to the subsample and full sample estimates, respectively.
The 2.5™ and 97.5™ percentile of this empirical sampling distribution are used to compute the 95%

confidence interval.
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B. Additional results and robustness

B.1. Effect of secured loans on monitoring costs

The use of collateral in interbank loans could affect the structure and reduce the intensity of
monitoring. We first show that secured loans make up a small fraction of the total interbank loans
in Germany during our sample period. Then, we re-estimate the model by deducting projected

volumes of secured loans from the total volume of interbank loans.

Using bank balance sheet data, we find that the proportion of secured domestic interbank loans
over total domestic interbank loans fluctuates between 3% and 5% in our sample period. This is in
line with the magnitudes of secured interbank borrowing cited in Upper and Worms (2004). The
balance sheet variable used is domestic liabilities to banks arising from repurchase agreements.
It covers all maturity buckets and is available at the individual bank level from 2010Q2 onwards.
Because the credit registry does not contain collateral information, we use the earliest available
bank-level secured interbank loan ratio from 2010Q2 to approximate the volume of unsecured
interbank loans for each borrowing bank and project the same ratio across all its links. We re-
estimate the model with the adjusted data to obtain the results in Table IA.B.1, which remain
statistically significant and are economically very similar to those from the baseline specification
in Table 3.

The pre-crisis estimates also do well in the out-of-sample test, correctly predicting between
84.3% and 85.8% of overall link changes in the Great Financial Crisis, as shown in Table IA.B.2.

B.2. Trading between intermediary banks

One component of core-periphery networks that we have not included in our model and es-
timation are the links between core banks, i.e., intermediary banks in our case. These links also
exist in our data, but they seem to serve an important yet distinct purpose from the intermediation

of persistent funding needs.

First, we back out the maturity structure of loans between intermediary banks from bank bal-
ance sheet data. Specifically, we deduct the volume of loans by maturity bucket for periphery
banks from the totals of intermediary banks so that the remainder must have arisen from trading

within intermediary banks.?® We find that trading between intermediary banks is dominated by

26The implicit assumption here is that all interbank loans for periphery banks arise from trading with intermediary
banks. We use bank balance sheet data to infer the maturity of loans because the credit registry does not contain
information on maturity.
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overnight loans. This is in contrast to the small fraction of overnight loans between intermediary
and periphery banks in our sample, which, as shown in Fig. 3 of the main text, is around 10%.
With the high concentration of overnight loans, trading between intermediary banks is more in line

with the smoothing of short-term liquidity shocks, as proposed by Allen and Gale (2000).

Although trading between intermediaries is likely focused on smoothing liquidity shocks over
short horizons, it may still interplay with the intermediation of longer-term funding needs to affect
our estimation results. To this end, we further check whether a given intermediary’s ability to lend
to its periphery borrowers is affected by its borrowing from and lending to other intermediaries.
We regress intermediaries’ lending to periphery borrowers on their borrowing from other inter-
mediaries, borrowing from periphery lenders, and lending to other intermediaries. The results in
Table IA.B.3 show that borrowing from periphery lenders translates into more lending to periphery
borrowers, as expected. However, borrowing from other intermediaries does not have a statistically
significant effect, although the negative point estimate suggests that borrowing from intermediaries
is different from borrowing from periphery lenders. Similarly, lending to other intermediaries has
a positive but largely insignificant coefficient. These results are robust across specifications and

with the inclusion of intermediary and quarter fixed effects.

B.3. Effect of geography and bank—type on monitoring costs

One complexity not captured in the baseline estimation is if the intermediation structure is

influenced by institutional design or geographical proximity.

Historically, the German banking system was designed according to a tiered structure, in which
each state’s separate Landesbank, a big public bank, was set up to trade with the Sparkassen,
smaller savings banks within its state. Similarly, Genossenschaften, which are small cooperative
banks, were meant to trade through their central cooperative bank. In reality, the network structure
now no longer resembles the historical setup as public savings banks and cooperative banks also
trade with public banks in other states and commercial banks across the country. Nevertheless,
one may still worry that the current interbank network has been influenced by the historical setup.
Relatedly, banks located closer to each other may have a lower cost of establishing monitoring

relationships.

To address these concerns, we further allow for variation in the monitoring cost coefficient,
k, according to the bank-types and geographical proximity of intermediary and borrowing banks.
When a bank-pair satisfies the same-state Landesbank-savings bank criterion or the central coop-
erative bank-cooperative bank criterion, we let the monitoring coefficient be k;. If they are not

public banks but located in the same state, we let the coefficient be k,. Finally, for all remaining
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bank-pairs in different states, we let the monitoring technology parameter be k3.

Repeating the estimation of the baseline model with heterogeneous cost parameters yields the
results in Table IA B.6. As expected, for the same bank characteristics, the monitoring cost among
public banks is the lowest and those for banks located in different states are the highest, where all
estimates are significant at the 95% level. In terms of magnitude, the annual net value remains
largely unchanged with a slight drop of 4.1%. For the average bank, 24.5% of its value generated

is now spent on monitoring and state verification costs, which is similar to the baseline result.

Even with the two additional degrees of freedom, the fit of the model is not significantly im-
proved. In the estimation, the number of inequalities satisfied increased slightly from between
88.9% and 90.2% to between 92.3% and 93.5%. In the out-of-sample test of the Great Financial
Crisis, the fraction of correctly predicted links goes up by 0.2% to 2.9% relative to the baseline
(see Table IA.B.7).

Overall, the qualitative results are as expected for bank-type and location, but the quantitative
predictions and the fit of the model are not significantly changed.

B.4. Funding costs of intermediary banks

The baseline model makes two simplifying assumptions regarding the calculation of funding
costs for intermediary banks: (1) the functional form of intermediaries’ effective average return,

and (2) frictions in non-interbank funding sources.

An intermediary’s effective average return, y;, is calculated as the weighted average of its own
return outside of the interbank market and the return of the borrowing banks it lends to. Recall Eq.
(1), wherein the average return of intermediary i’s portfolio given network g in which intermediary

i forms credit relationships with a set of borrowers, N;(g), is:

1 .
vi(g) = (A + Vy(g)xp),
Ai + Z Vb (g) be%i(g) b ’
beN;(g)

where the weights vary with the volume of intermediary i’s own projects, A;; the volume lent out
to its borrowing banks in the interbank market, Vbi (g); its own portfolio return, x;, distributed with
CDF F;(x;); and borrower b’s return, xp, distributed with CDF Fj(xp).

This specification may overestimate the sensitivity of intermediaries’ average return and hence
the state verification cost, A (g, c), to changes in the network, g, in the Shapley value calculations.
The reason is that interbank loans are debt contracts whose values are not directly proportional

to borrowers’ asset return as specified in the formula above unless in default. We resorted to this
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approximation because using the exact functional form would greatly complicate the Shapley value

derviation and the intermediary funding cost estimation.

Nevertheless, we check the impact of this approximation by re-estimating the model using each
intermediary’s observed asset return under the observed network, g*, to calculate state verification
costs for all subnetworks g (instead of allowing the state verification cost, A(g,c), to vary with

network g). That is, we let:

1 .
vi(g) = yi(g") = (A + Vy(g%)xp).
Ai+ Z Vb(g ) bENZi;’g*) b
beN;(g*)

Using intermediaries’ equilibrium return to calculate funding costs for all subnetworks in the
Shapley value removes the sensitivity of intermediaries’ funding costs to changes in their con-
nected borrowers and the returns of their connected borrowers in different subnetworks. This zero
sensitivity case can be viewed as the opposite end of the spectrum relative to our baseline model.

The true sensitivity should lie between the two cases.

Table IA.B.4 reports parameter estimates when we let y;(g) = yi(g*). Relative to the baseline
results, we find a slight increase in the state verification cost parameter, ¢, and a small decrease in
the monitoring cost parameter, k. Intuitively, gains from link formation no longer include diversi-
fication benefits for intermediaries so that the monitoring costs revealed through the same network
are smaller. Table IA.B.5 suggests that the flexibility in intermediaries’ return slightly improves
the model’s out-of-sample performance. Out of the new links that are formed and not formed in the
post-crisis period, the re-estimated model correctly predicts 63.2% and 85.0%. The limited impact
of fixing intermediaries’ average return on the estimation results is likely because intermediaries’
asset sizes are much bigger than the average amount borrowed by borrowing banks. This is why A;
bears the dominant weight in the results and why the functional form over borrowers’ returns has

limited influence.

The estimates above also alleviate our second concern regarding frictions from non-interbank
funding sources. To maintain focus on the interbank market, we assumed that changes in the net-
work structure g affect only intermediaries’ funding costs from interbank lenders. This assumption
requires that the frictions in intermediaries’ other sources of funding are not directly impacted by
marginal changes in interbank connections, which is satisfied when y;(g) = y;(g*). The limited
change in the re-estimated model estimates and their out-of-sample predictive power lend support

for this assumption.
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Table IA B.1

Estimation Results (Secured Loans Adjustment). This table reports results from the maximum
score estimation after deducting the proportion of secured loans. k represents the monitoring cost
technology parameter for each link between intermediaries and borrowing banks. C represents
the state verification cost parameter for each link between intermediaries and the average lender.
p is the correlation of returns across banks. The 95% confidence interval bounds, based on sub-
sampling, are in parentheses. ** indicates that the 95% confidence interval does not include zero.
Inequalities Satisfied is the fraction of correctly predicted links using the vector of parameter esti-
mates.

p=0.12 p=0.18 p=0.24
Monitoring Cost (state banks) k 1.465** 1.411** 1.314**
(0.651,2.050) (0.499,1.859) (0.405,2.014)
State Verification Cost C 0.266** 0.241** 0.234**
(0.055,0.310) (0.031,0.389) (0.022,0.466)
Inequalities Satisfied (%) 89.5 89.9 90.2
Number of Inequalities 8,265
Table IA B.2

Percentage of Correctly Predicted Inequalities (Secured Loans Adjustment). This table reports the
percentage of correctly predicted inequalities in the out-of-sample test of the Great Financial Crisis
for the baseline model after deducting the proportion of secured loans. p refers to the correlation
coefficient between borrowing banks. Each inequality corresponds to a link between a borrowing
and an intermediary bank. New Links Formed and No New Links Formed refer to the fraction of
correct predictions given that a new link was and was not observed in the post-crisis network.

p=0.12 p=0.18 p=0.24

New Links Formed (%) 65.4 69.2 68.7
No New Links Formed (%) 86.6 86.2 84.8
Overall (%) 85.8 85.6 84.3
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Table IA B.3

Determinants of Lending to Periphery Borrowers. This table estimates the determinants of inter-
mediary lending to periphery borrowers. The data is at the intermediary-quarter level and covers
2005:Q1 to 2009:Q4. The explanatory variables are intermediary borrowing from periphery banks,
intermediary borrowing from core banks, and intermediary lending to core banks. Standard errors
are clustered at the intermediary level and shown in pathentheses. * and ** indicate statistical
significance at the 10% and 5% levels, respectively.

Lending to Periphery Borrowers

ey 2) 3) 4) &)

Borrowing from Periphery Lenders 0.788** 0.614** (0.538**
(0.168) (0.120)  (0.116)
Borrowing from Intermediaries -0.384 -0.371  -0.342
(0.362) (0.313)  (0.298)
Lending to Intermediaries 0.236*  0.182 0.299
(0.129) (0.158)  (0.196)
Observations 377 377 377 377 377
Intermediary FE No No No Yes Yes
Time FE No No No No Yes

Table IA B.4 Estimation Results (Fixed Intermediary Returns). This table reports estimation re-
sults from the baseline model using intermediaries’ observed returns to calculate funding costs,
A(g,c). k represents the monitoring cost technology parameter for each link between intermedi-
aries and borrowing banks. C represents the state verification cost parameter for each link between
intermediaries and the average lender. p is the correlation of returns across banks. The 95% con-
fidence interval bounds, based on subsampling, are in parentheses. ** indicates that the 95% con-
fidence interval does not include zero. Inequalities Satisfied is the fraction of correctly predicted
links using the vector of parameter estimates.

Monitoring Cost k 1.235**
(0.444,2.316)

State Verification Cost C 0.260**
(0.023,0.468)

Inequalities Satisfied (%) 88.9
Number of Inequalities 8,265
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Table IA B.5

Percentage of Correctly Predicted Inequalities (Fixed Intermediary Returns). This table reports
the percentage of correctly predicted inequalities in the out-of-sample test of the Great Financial
Crisis for the baseline model when using intermediaries’ observed returns to calculate funding
costs, A(g,c). Each inequality corresponds to a link between a borrowing and an intermediary
bank. New Links Formed and No New Links Formed refer to the fraction of correct predictions
given that a new link was and was not observed in the post-crisis network.

New Links Formed (%) 63.2
No New Links Formed (%) 85.0
Overall (%) 84.3

Table IA B.6

Estimation Results (Bank Type and Geography). This table reports results from the maximum
score estimation of the baseline model after accounting for monitoring costs by geography and
bank type. ki, kp, and k3 represent the monitoring cost technology parameter for each link be-
tween intermediaries and borrowing banks. k1, k>, and k3 apply when the pair of intermediary and
borrowing banks are same-state Landesbank and savings banks or central cooperative bank and
cooperative banks, private banks in the same state, and banks in different states, respectively. C
represents the state verification cost parameter for each link between intermediaries and the av-
erage lender. p is the correlation of returns across banks. The 95% confidence interval bounds,
based on subsampling, are in parentheses. ** indicates that the 95% confidence interval does not
include zero. Inequalities Satisfied is the fraction of correctly predicted links using the vector of
parameter estimates.

p=0.12 p=0.18 p=0.24

Monitoring Cost (state banks) k{ 1.187** 1.349** 1.358**

(0.178,2.091) (0.410,1.883) (0.227,2.220)
Monitoring Cost (same state) k; 1.312** 1.424** 1.476**

(0.255,2.787) (0.396,2.902) (0.444,2.583)
Monitoring Cost (other) k3 1.329** 1.463** 1.490**

(0.589,1.840) (0.470,2.053) (0.622,2.374)
State Verification Cost C 0.271** 0.233** 0.261**

(0.045,0.419)  (0.058,0.473) (0.060,0.455)

Inequalities Satisfied (%) 93.5 92.3 92.9
Number of Inequalities 8,265
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Table IA B.7

Percentage of Correctly Predicted Inequalities (Bank Type and Geography). This table reports
the percentage of correctly predicted inequalities in the out-of-sample test of the Great Financial
Crisis for the baseline model after accounting for monitoring costs by geography and bank type.
p refers to the correlation coefficient between borrowing banks. Each inequality corresponds to
a link between a borrowing and an intermediary bank. New Links Formed and No New Links
Formed refer to the fraction of correct predictions given that a new link was and was not observed

in the post-crisis network.

p=012 p=018 p=024

New Links Formed (%) 70.5
No New Links Formed (%) 88.4
Overall (%) 87.9

68.9
87.6
87.1

72.7
85.7
85.2
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