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Abstract

Multiple banking relationships represent a sigriéred to the market and to other lenders about
firm risk; normally, the higher the number of lemslethe lower the risk of the exposure. The
literature focuses prevalently on the role of nplétilending in explaining a bank’s lending and its

probability of the default.

No evidence is provided of the role of multiplederg in explaining exposure at default (EAD),
even if in all industrialized economies, due to #astence of credit registers, the amount of
lending is also defined on the basis of each dabéxposure with respect to the financial system.
The paper considers a representative and uniglienltaanking system database and demonstrates
that multiple lending affects EAD and the effecirisre significant for default with respect to short
term past dues. Considering the EAD drivers, wd &rhigher number of lenders positively affects
exposure due to the lack of monitoring incentived e effect is more significant when the role of

non-reference banks is weaker



Multiple Banking Relationships and Exposure at Defalt:
Evidence from the Italian Market

1. Introduction

Multiple banking relationships are common almostcaluntries, even if the number of lenders
normally used by European borrowers is higher ttreat used by the Americans (Ongena and
Smith, 2000). The standard monitoring theory prepoby Diamond (1984) does not justify this
business practice because it implies a duplicatfomonitoring costs that could be saved if each

borrower obtained lending from only one bank.

The literature demonstrates that normally firmd theve a lower number of lenders and establish
long-term relationships with them collect moneyadbwer interest rate (Berger and Udell, 1995)
and with lower collateral requirements (Boot andalidr, 1994) due to the decreased opaqueness
and borrower risk (Petersen and Rajan, 1994). Tbece of multiple lending exposure is normally
justified by the risk that superior available infation enables a single bank to extract monopoly
rents (Sharpe, 1990) and generally firms with gnegtowing opportunities and more opaque assets

are more interested in this choice (Farinha anddSa2002).

Analysis of the role of multiple lending in explaig bank risk exposure is still limited and focused
prevalently on the probability of default and tlosd given default. Regarding the former, there is
no consensus in the literature on the impact ofttipiallending on the risk drivers: some propose
the thesis that the greater the number of lendeeslower the probability of default will be due to
the lack of information monopoly and, thereforee tlower the incentives to finance high-risk
projects (Jimenez and Saurina, 2004). Others, hervelemonstrate that a longer-term relationship
with a prominent bank will ensure the lender’s suppn managing liquidity problems (Elsas and
Krahnen, 1998). For the latter case, the role damral is normally higher for transaction lending
in the medium and long term, while it is higher fefationship lending in the short term; therefore,
the loss given default will be lower in the meditoriong term for a single lending relationship and

in the short term for multiple lending solutiong{@nez, Salas, and Saurina, 2006).

The third driver of the expected loss, exposur@edhult (EAD), is never analysed in a relationship
with the role of single or multiple lending exposueven if credit line usage is affected by banks’

monitoring and control activities (Zhao, Dwyer, adhang, 2011). The intensity of bank
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monitoring activity can be influenced by the sturetof relationships (Foglia, Laviola, and Marullo
Reedtz, 1998) because the private information anfiral institution generates about a firm is less
valuable when the firm deals with multiple souroéfinancial services (Cole, 1998).

The paper contributes to the literature considetinegimpact of multiple lending on EAD, looking
at the behaviour of defaulted borrowers with respetheir principal and other lenders. The results
show that multiple lending relationships reduceaals default exposure and the results are more
significant for a past due default definition witbspect to restructured credits. The choice of
considering the characteristics of a multiple refaghip allows an increase in the predictability of
EAD and a reduction in the probability of undenestiing the risk exposure.

This paper is organized as follows. After presentirdetailed literature review of EAD (Section 2),

it summarizes the main characteristics of the sangollected and its representativeness with
respect to the overall market (Section 3.1). lintipeesents the methodology for constructing the
EAD proxy and evaluating its determinants (Sect®B) and discusses the results and main
implications (Section 3.3). The last section sunpnegrthe main conclusions.

2. Literature review

Since EAD determines a bank’s potential amounbs$ when the debtor enters default status, it is
a key driver in the calculation of regulatory capitequirements (Basel Committee on Banking
Supervision, 2006). A bank’s EAD depends on théufes of both the debtor and the facility (Basel
Committee on Banking Supervision, 2005). The lower credit rating, the higher the usage of
residual credit lines (Asarnow and Marker, 199%grethough better-rated firms tend to convert
commitments in cash exposure to a greater extbotyiag, on average, higher loan equivalents
(LE) (Araten and Jacobs, 2001). Although low cdskwvffirms have limited access to credit lines
(Sufi, 2008), growing firms with access use crdulies very intensively (Agarwal et al., 2004).
Credit risk mitigation through collateral deternmsna higher LE (Jimenez, Lopez, and Saurina,
2009) and the exposure is affected by the collbtgpas of non-defaulters (Zhao et al. 2011). Since
commitments purchased by firms show different Ievel complexity (Schockley and Thakor,
1997), EAD differs across different types of produ¢Araten and Jacobs, 2001) and the
predictability of the risk parameter is strictlyfedted by the relevance of the undrawn amount of
the commitment (Asarnow and Marker, 1995). In addito borrower and facility features, credit
line usage is affected by banks’ monitoring andtidractivities (Zhao et al., 2011), since banks

have an advantage in offering debt financing sesvithat provide real-time financial information
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on the borrower (Norden and Weber, 2010). As bahdgelop relationships with firms, they
acquire information that is not shared with otheafcial intermediaries (Lummer and McConnell,
1989), even though firms borrow for the first tinre their life from a single bank but soon

afterward may start borrowing from additional ba(karinha and Santos, 2002)

The structure of banking relationships influencé® tconcentration/parcellization of debtor
exposure; consequently, creditors experience adisdage in holding a limited and shared set of
information to appraise debtor credit risk (Deteaffie, Garella, and Guiso, 2000). Multiple banking
relationships affect the entering of default statiace a large number of creditors decreases a
manager’s incentives to default strategically (Boland Scharfstein, 1996). Since the intensity of
the banking system’s monitoring can be influencgdhe structure of relationships (Foglia et al.,
1998), the controlling actions on debtor exposwrevdrify each creditor’'s adherence to the loan
covenants can be affected by the exclusivenessighaf financial relationships, since the private
information a financial institution generates abaltfirm is less valuable when the firm deals with
multiple sources of financial services (Cole, 19884, therefore, bank actions can suffer from lack
of coordination (Ongena and Smith, 2000). The valfighe private information that a bank can
obtain from an exclusive relationship increases whe relationship’s duration (Petersen and Rajan,
1994). Lending relationships are also affected H®y product type: Credit lines tend to be more
concentrated at a single bank, while other expssare more dispersed among different creditors
due to their transaction-driven nature (Berger &ikll, 1995). The duration composition of
multiple exposures affects debtor credit (He andngi 2012) while, at the single creditor level,
shorter maturities can be used to derive an imiority rule (Brunnermeier and Oehmke, 2010)

3. Empirical analysis
3.1 Sample

Our sample is a proprietary database provided b\Bdmk of Italy that collects for each month of
the year all exposures that were classified as ghsestat least once before 2010 for customers who
did not have banking facilities offered by morerthane bankThe data provider, Centrale dei
Rischi, is one of the most complete public database business loans worldwide (Jappelli and
Pagano, 2003) because it collects credit exposasesunting for more than 30,000 euros for all
Italian banks and financial intermediaries (Banchalia, 2010). The dataset for the analysis
contains information for the time interval 2006—@0dn the monthly utilization of self-liquidating
debt and callable loans by firms featuring multiptedit relationships that entered default status i
2010.



For each counterparty, we collect all the informatrelated to exposure with respect to the Italian
banking system since 2006 on a monthly basis andlagsify these exposures on the basis of the
reporting bank, type of credit, and guarantee (@4bl

Table 1. Sample description

Number Number of banks for each % Guarantee % Type
. customer
Counterparties of Min Mean Max Self-
contracts With | Without | . = .. Callable
liquidating
Deggg‘(sbe“ 77,745 406,789 1 2.92 47| 454% 95.46%  43.47%  56.53%
Deggg‘f‘*“ 86,086 447 427 1 2.94 46| 457% 95.43%  43.11%  56.89%
Deggg‘Sber' 91,187 455,008 1 2.88 47| 487% 95.13%  42.77%  57.23%
Degggngber' 107,575 522,242 1 2.95 44| 477% 95.33%  39.39%  66.61
DeggTober' 96,872 430,099 1 2.76 44| 486% 95.14%  38.02%  61.98%

Source: Bank of Italy data processed by the authors

For each year the sample includes more than 75¢00@terparties for a number of contracts
established to be always higher than 400,000. Veeage number of banks offering service to each
customer is greater than two but varies signifigaamong firms. In fact, it is always possible each
year to find a firm with exposure related to onhediank at least for one month and borrowers that

collect money from more than 40 lenders in the saroeth.

The types of exposures considered are frequentlygmaranteed because, in the sample, personal

and real guarantees are offered only for less S8amf the sample.

All the contracts considered can be classifiediteeself-liquidating exposures or callable loans
and, on the basis of the amount of exposure reledeglach type of contract, the relevance is
comparable even if callable solutions are alwaysamelevant (10—20%) than self-liquidating ones.

3.2 Methodology
The EAD measurement considers both the usageaatidhe LE:

Balance; pefauir

Usage ratio; = UR; (1)

Commitment; perauit—t

Balance; pefauir—Balance; pefauir—¢

Loan Equivalent; = LE; (2)

Commitment; pefauir—¢ — Balance; perauie—t



where UR measures the credit line percentage atibz (with respect to the commitment) at the
time of default for debtor and represents the ex post exposure of defauthéobanking system. It

is computed by looking at all exposures assumeddn debtor (Jimenez et al., 2009). Following
the Basel Committee on Banking Supervision’s (2@@6a. 414) prescriptions for the rating system

time horizon, we consider different time horizofnem one month to one year.

The variable LE measures the portion of a credg’s undrawn commitment that is likely to be
drawn down by the borrower in the event of defdiMbral, 2006). In light of the prudential
regulation (Basel Committee on Banking SupervisgiiQ6), it represents the exante proxy of EAD
risk related to counterparties with the same chargtics as the defaulted debtor. As for the usage

ratio, we consider different time horizons, fronmeanonth to one year.

To evaluate counterparties without undrawn commitinas in the case of term loans and self-

liquidating debt, the momentum approach is impleieen

Balance; pefauit

Momentum; = MU; = 3

Commitment; pesauir

where the ratio assumes a value closer to one wieenebtor is using the maximum amount of
credit available before default (CEBS, 2006).

To overcome the inapplicability of the previousnmmia in the case of a positive balance without

commitment, we also consider the approach of tippgxre multiplier:

Balance; pefauir

Exposure Multiplier; = EM; 4)

Balancei,Default—t

where the analysis is based on the ratio betweererduexposure at the time of default and
exposure registered some months earlier (Reski, &099).

The sample is divided into single and multiple legdrelationships to reveal any differences in the
EAD proxies for counterparties with one or multigdanking relationships. We also consider
separately the different types of defaults (past 80 days, past due 180 days, and restructured
credits).



Following the approach proposed by Valvonis (2008, try to evaluate the drivers of the EAD
proxies, considering the following:

- The borrower’s risk features,

- The bank’s risk appetite,

- Facility characteristics, and

- Borrowing opportunities offered by other banks.

Regarding borrowing risk, due to the blindnesshefdata available, the borrowers’ risk features we
consider are legal status and a proxy for size.tik®@idegal status, we construct a dummy variable
for limited liability (LL;) that assumes a value of one if the customer isbligolimited company or

a limited partnership and zero otherwise. We exjpleat limited liability will have a negative
impact on EAD due to the higher quality and amoahtinformation available for evaluating
exposure (Storey, 1994). For the size proxy, duthédack of balance sheet data, we consider the
natural logarithm of overall commitmetinCommitment;). We expect larger firms to increase

their usage of lines of credits less, even whem ttethe default (Jimenez et al., 2009).

For bank risk appetite, we consider the legal stafuthe reference bank, the size of the reference
bank, and the percentage of defaults. Special tgbdsanks can be characterized by different
monitoring procedures and different information ilality (Elsas, 2005) and we consider these
differences by using two dummy variablg&CC; and Other Lender;) that assume a value of one if
the main lenders is, respectively, a cooperativeklb@ not a bank. Due to the lack of data, our
proxy for bank size is related only to lending watyi and measures (the natural logarithm of)
outstanding creditéMain lender Size;). We expect to find a positive relationship witte tBAD
proxy because the bank has a lower incentive toitorosmall exposures properly and normally
invests less in collecting soft information froncé branches (Agarwal and Hauswald, 2010). A
bank’s risk appetite is measured as the ratio efaitmount of defaulted exposures with respect to
the overall lending offered at the end of the y@énin lender Risk;). We expect higher average

risk assumed by a bank to normally lead to hightd ECerasi and Daltung, 2000).

The facility features considered include the rofefewer risk contracts, the role of short-term
exposures, and the role of guarantees (Zhao eR@l]). The role of less risky exposures is
measured as the natural logarithm of self-liquitatexposure€AL;), which represent a safe
lending solution for the sample. The role of sherth exposures is constructed by considering a

one-year horizon as a threshold and computing #teral logarithm of the short-term exposure
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(BT;). The analysis of the guarantees considers botbopal and real ones and our proxy is

constructed as the natural logarithm of the ovenalbunt guaranteed for each delfi@ar;).

The analysis of the role of multiple lending sadat considers both the number of other lenders
used by the firm and the role of the main lendecamering the firm’s financial needs (Carletti,
Cerasi, and Daltung, 2007). The number of finanai@rmediaries considers all banks that provide
financing opportunities to the firm, independenttioé number and size of the financial products
offered(N° Banks;). The role of the reference lender is measuredagdtio of the outstanding
debt offered by the main financial intermediary hwitespect to overall market exposure
(% Main Bank ;).

The analysis proposed considers yearly contributiba different set of explanatory variables in

determining the EAD proxy:

n m o
UR;t =a+UR;;_1 + Z PxBorrower Riskfft + z BjLender Riski];t + z By Facility Type {,
k=1 j=1 v=1

; (5)
+ Z BiMultiple Lendingil_t + ¢
=1
n m o
LE;yeare =a+ LE;j 1 + Z Borrower Riskfft + z Lender Riskl{t + ) Facility Type },
k=1 j=1 v=1
) (6)
+ ) Multiple Lendingl!,t + ¢
1=1
n m o
MU;yeqri =a+MU; 4 + Z Borrower Riskft + 2 Lender Riski]:t + 2 Facility Type {,
k=1 j=1 v=1
) (7)
+ ) Multiple Lendingl!,t + ¢
1=1
n m o
EMiyeaqrt = a+EM; 4 + Z Borrower Riskfft + z Lender Riski];t + z Facility Type },
k=1 j=1 v=1
(8)

4
+ Z Multiple Lending%_t + ¢
=1

All the regressions are presented separately foh gaar (2006—2010) to test the increasing or
decreasing role of the multiple lending relatiopshin explaining EAD proxy dynamics. Following
a standard approach for decomposing the contributiccome explanatory factors of the fithess of
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the linear model (e.g. Lee and Devaney, 2007), wasure the contribution of the multiple lending

variables in increasing the model’s statisticaldis (on the basis of R

To evaluate the model’s usefulness in predictirg riaxt year's exposure, we also use estimated
coefficients at time t - 1 to forecast the EAD pyat time t. We provide summary statistics about
the frequency and types of error (overestimatesugeunderestimates) related to the different

models previously used, given by equations (58jo (

3.3 Results

A preliminary analysis of the role of multiple bamd relationships in explaining EAD dynamics is
carried out considering separately customers witty awne bank and those with multiple
relationships. Table 2 presents summary statiicthe difference of EAD proxies computed for

defaulted and in bonis customers.

Table 2. Comparison of EAD proxies and in bonisosypes for single and multiple banking relationship

on the overall time horizon (median value)

EAD In bonis customers Defaulted Customers
Proxy Single Multiple Single Multiple
URym 71.29% 75.24% 98.32% 89.73%
URsy 64.98% 75.14% 93.23% 88.30%
URsm 56.72% 75.82% 78.81% 86.02%
URgy 44.15% 74.16% 58.36% 83.00%
URyy 30.95% 72.89% 46.14% 77.65%
LEim 0.00% 1.57% 0.00% 0.32%
LEswm 0.00% 5.15% -3.39% 2.05%
LEem 0.00% 9.40% 0.00% 3.45%
LEgm 0.00% 6.77% 0.00% 0.38%
LE1om 0.00% 4.27% 0.00% 0.00%
MU 100% 91.05% 75.07% 74.61%
EMim 99.89% 100.19% 100.00% 100.00%
EMaum 94.28% 101.71% 102.42% 101.22%
EMem 86.38% 102.41% 102.21% 101.62%
EMgm 61.90% 103.04% 91.33% 101.40%
EM1y 40.29% 100.59% 69.21% 97.61%
Legend: Single = Single Bank Relationship  Multiple = Multiple Banking Relationship

Source: Bank of Italy data processed by the authors



The analysis of the usage ratio (UR) demonstrdiag nhear to the default (independent of the
number of lenders), the usage of lines of creditaases significantly and only near default (not
more than three months before) are counterpartits Mgher numbers of lenders less risky with
respect to a single lending relationship. This emnme can be explained in light of the active
management policy of non-reference lenders foryrisérrowers (Norden and Weber, 2010) to

recover their residual exposure before default.

The analysis of the LE demonstrates that multigleking relationships cause higher variability of
the balance of defaults because debtors modify tnedit exposure on the basis of the prices and
conditions applied by lenders. The results areaffeicted by the choice of considering in bonis or
defaulted counterparties, but the difference isibidin median value) when in bonis counterparties
are taken into account. This evidence suggestsahatationship approach holds (Petersen and
Rajan, 1994) that prevents the equal distributibexposure among the different lenders and that
near to default debtors are more financially caasad by lenders (Araten and Jacobs, 2001).
Moreover, the data show that the potential castosxe is better controlled in a single lending

relationship, since LE is never positive in all tee horizons selected.

Considering momentum (MU), the usage of lines efditris higher (in median value) for single
lending relationships and for in bonis exposurew# take defaulted customers into account,
multiple banking relationships are characterizedh®ylower usage of credit lines, suggesting the
unavaibility of marginal banks to support the riskystomers due to the incomplete information
set. However, the difference is not huge as fdranis customers, suggesting the relevance of other
features (Foglia et al. 1998). For in bonis custan®U is much higher for single relationships,
implying that performing firms are allowed to acsesore external funds when the information is

more concentrated due to a stricter relationshtp wme lender (Carletti et al., 2007).

Looking at the time trend of the balance at defthuibugh exposure multiplies (EM), we find that
multiple banking relationships near default (onesbo months before) increase less than single
banking relationships do. The analysis of the beraok scenario of in bonis exposures
demonstrates that the lower growth rate does nlat, Bapporting the hypothesis that, in a multiple
banking relationship scenario, the probability méreasing bank debt is higher than in a single

relations scenario (Marullo-Reedtz, 1994).

The analysis of the EAD is released consideringusgply customers with a past due of 90 days,

those with a past due of 180 days, and custometlsrestructured debt. The results demonstrate
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that the multiple banking relationship is more efifee in reducing exposure only for some types of
credits (Table 3).
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Table 3. Comparison of EAD proxies for single andltiple banking relationships for different type of

default (median value)

Past due 90 days Past due 180 days Restructugeitscr
DM % DM % DM %
URm 11.83% 100.00% -0.92% 100.00% 10.62% 100.00%
URsy 11.49% 91.36% -1.74% 91.36% 11.29% 79.70%
URsm 6.20% 67.58% -4.89% 67.58% 12.97% 67.58%
URgm -8.64% 8.48% -11.76% 8.48% 11.09% 21.97%
URyy -20.67% 0.00% -19.90% 0.00% 5.63% 3.33%
LEim -1.07% 0.00% -0.06% 0.00% 0.00% 16.97%
LEswm -10.93% 0.00% -5.39% 0.00% 0.58% 32.12%
LEem -15.71% 0.00% -10.56% 0.00% 3.35% 55.76%
LEgm -21.50% 0.00% -10.26% 0.00% 4.82% 31.97%
LE1om 0.00% 0.00% 0.00% 0.00% 14.45% 16.67%
MU 12.29% 100.00% 1.36% 100.00% 9.30% 100.009

EMim 0.00% 35.45% 0.00% 50.91% 0.00% 59.24%
EMapm 0.89% 49.09% 1.04% 76.21% -0.09% 38.94%
EMem -1.28% 0.00% 1.78% 40.61% 0.99% 38.94%
EMgwm -13.58% 0.00% -4.04% 0.00% 2.34% 5.00%
EMyy -26.54% 0.00% -9.38% 0.00% 0.60% 0.00%

Legend:

DM = Difference of Median values for single and tiplé borrower

% = Percentage of customers with median value hifghesingle tenant than multiple

Source: Bank of Italy data processed by the authors

The usage ratio (UR) for multiple banking relatioips is higher for 90 days past due and
restructured credits, while the median value ofekposure for single lender relationships is higher
for 180 past due. The results show that, in a saewd multiple banking relationships, banks are
not worried for exposures related to longer dea(lBO days or more) and they do not monitor the
usage of the line of credits. Once default occas@edit is restructured, the data show that lende
of multiple borrowers lose their capability to mimmiand reduce exposure. This evidence can be
explained in light of default as an absorbing s{&eouhy, Galai, and Mark, 2000) in which all
creditors are equal because they share the saorenation and recovery actions and are prevented

from individually realizing debtors’ assets (Boltand Scharfstein, 1996).

Considering the LE, we find multiple lending sotuts allow for the reduction of ex ante EAD only
for restructured credits, while for those past dine, number of customers with exclusive bank

relationships with a lower LE with respect to theltiple bank relationships is insignificant.
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The analysis of the momentum (MU) demonstrates thaltiple lending relationships always
perform better (100%) with respect to a unique bankelationship, independent of the type of
default. The positive difference is maximum for tpdse 90 days and minimum for past due 180
days.

The analysis of the exposure multiplier (EM) shawat the lower exposure related to multiple
lending relationships is essentially related tosthpast due 90 days, while for all other types of

default, single lender exposure is lower than thétipie one.

The analysis of the role of multiple lending redaships in explaining the EAD proxy is carried out
by considering separately each of the four yeamyaad and looking only at EAD proxies
constructed on a one-year time horizon (Tablk 4).

Notwithstanding the EAD proxy considered (UR, LEJMor EM), the current year value cannot be
forecast only on the basis of last year's valuee Tésults support the hypothesis that near default
the usage of lines of credit is only incoherenthwhtstorical behaviour (Norden and Weber, 2010)

and, to predict exposure, other features of thdifgnrelationship must be considered.

The variables related to exposure characteristicedd significantly affect exposure at default and
the main drivers are related to lender charactesisExcluding 2010, more severe lending policies
have been adopted by almost all financial interiauwgéels. Cooperative banks and non-banks always
exhibit a higher EAD with respect to average bamks2010, the higher EAD is driven by bigger
players, while the bank risk proxy seems to doafigtct significantly the EAD.

Multiple banking exposure is a driver of the EA@r &l the time period: while for the first three
years an higher concentration of exposures witha@sof the reference bank represents a statistical
significant driver of the EAD in the 2010 also thienple decrease of the number for lenders is

sufficient in order to increase the EAD.

! The results related to the analysis of EAD proxiesstructed for smaller time horizons (one motitree months, six
months, and nine months) are available in the Agpehe data for 2006 are dropped because theprisky lag of
one year cannot be computed.
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Table 4. The role of multiple exposures in exptairthe Exposure at Default — 1 year time horizon

UR, LE,

2007 2008 2009 2010 2007 2008 2009 201D
Constant -385.75 | -78.68 -10.29 16.60 -3.79 -0.79 -0.10 0.1p
UR,_, -0.01 0.00 0.00 -0.00 . . ] ]
LE, 4 - - - - -0.01 -0.00 0.00 -0.00
MU,_, . . ] ] ] ] ] ]
EM,_, . . ] ] . ] ] ]
LnCommitment; -0.01 -0.07 -0.01 -0.00 -0.01 -0.07 -0.01 -0.00
LL; -0.83 -0.06 -0.03 481 o83 -0.06 -0.03 -0.05
BT, -4.43 -0.46 -0.06 -0.56 -4.44 -0.47 -0.06 -0.56
AL;, 4.67 0.59 0.11 0.54 4.77 0.59 0.11 0.54
Gary, -0.00 -0.00 -0.00 -0.00 -0.00 -0.00 0.00 0.00
BCC; 7.94 1.06" 0.20° -0.31 7.93 1.06° 0.20° -0.31°
Other Lender; 7.02 1.04 0.16 -0.33 7.01 1.04 0.16 -0.33
Main lender Size; 0.15 0.02 0.00 0.02 0.15 0.02 0.00 0.02
Main lender Risk; | -0.08 0.02 0.04 -0.00 -0.09 0.02 0.04 -0.00
N° Banks; 2.74 -0.17 -0.04 -0.20 -2.74 -0.17 -0.04 -0.20
% Main Bank ; 0.64 0.06 0.0 0.01 0.64 0.06 0.01 0.01
Obs. 8255 11884 23853 2489( 8254 11884 23853 24890
R? 0.15 0.26 0.07 0.10 0.15 0.26 0.07 0.1d

Source: Bank of Italy’s data processed by the agtho
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Table 4. The role of multiple exposures in explanthe Exposure at Default — 1 year time horizon

(continued)

MU, EM,

2007 2008 2009 2010 2007 2008 2009 201D
Constant -3.79 -0.79 -0.10 0.17 -3.79 -0.79 -0.14 0.17
UR,_, . . ] ] . ] ] ]
LE,_, . . ] ] . ] ] ]
MU, -0.01 -0.01 0.00 -0.00 - - - -
EM,_, - - - - -0.01 -0.02 0.00 -0.00
LnCommitment; -0.82 -0.07 -0.01 -0.00 -0.82 -0.07 -0.01 -0.00
LL; -0.83 -0.06 -0.03 -0.05 | o83 -0.06 -0.03 -0.05
BT, -4.43 -0.47 -0.06 -0.56 -4.43 -0.47 -0.06 -0.56
AL;, 4.68 0.59 0.11 0.54 4.68 0.59 0.11 0.54
Gary, -0.00 -0.00 0.00 -0.00 -0.00 -0.00 0.00 -0.00
BCC; 7.93 1.07° 0.20° -0.31 7.93 1.07 0.20° -0.31
Other Lender; 7.01 1.05 0.16 -0.33 7.01 1.04 0.16 -0.33
Main lender Size; 0.15 0.02 0.00 0.02 0.15 0.02 0.00 0.02
Main lender Risk; | -0.09 0.02 0.04 -0.02 -0.09 0.02 0.04 -0.22
N° Banks; 2.74 -0.17 -0.03 -0.20 2.73 -0.17 -0.04 -0.20
% Main Bank ; 0.65 0.07" 0.01 0.01 0.65 0.07 0.01 0.01
Obs. 8255 11884 23853 2489( 8254 11884 23853 24890
R? 0.15 0.26 0.07 0.10 0.15 0.26 0.07 0.1d

Source: Bank of Italy’s data processed by the agtho

To verify the contribution of multiple lending exgares in determining EAD, we consider both the
contribution of multiple lending exposures to thé &t the previous regression analysis and the

contribution to the risk of overestimation or unelgmmation of EAD (Table 5).
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Table 5. Forecasting model and the role of theiplaltending proxies — 1 year time horizon

EAD Without Multiple Lending proxies With Multiple Lemaly proxies
Proxy Year | 2 % UP X UpP R2 % UP X UP
Y|UP| + Y.|Down| Y|UP| + Y.|Down|

2007 0.12 61.15% 1.14 0.15 58.60% 1.11

UR, 2008 0.20 59.05% 1.02 0.26 53.94% 1.10
2009 | 0.06 63.23% 1.07 0.07 61.44% 1.25
2010 0.09 48.49% 0.99 0.1¢ 46.37% 1.07
2007 0.12 61.12% 1.15 0.15 58.58% 1.11

L5, |_2008 | 0.20 59.05% 1.02 0.26 53.95% 1.10
2009 0.06 63.26% 1.06 0.07 61.45% 1.25
2010 0.09 48.49% 0.99 0.1d 46.37% 1.07
2007 0.12 61.12% 1.15 0.15 58.58% 1.11

MU, 2008 | 0.20 59.05% 1.03 0.26 53.95% 1.03
2009 0.06 63.26% 1.10 0.07 61.45% 1.06
2010 0.09 48.49% 1.26 0.1d 46.37% 0.99
2007 0.12] 58.19% 1.07 0.15 58.08% 1.11

EM, 2008 0.20 59.05% 1.02 0.26 53.95% 1.10
2009 | 0.06 61.45% 1.02 0.07 59.05% 1.26
2010 0.09 48.49% 0.99 0.1¢ 46.37% 1.07

Notes:

%UP = Percentage of overestimates

m = Sum of overestimates with respect to the oveva#irestimates and underestimates (in absolute

value)

Source: Bank of Italy’s data processed by the astho

Forecasting models show greater statistical fit{@ssasured by the ZRwhen multiple lending
proxies are taken into account and EAD estimatesnaore frequently overestimated than for
models constructed without multiple lending expesurThe choice to include multiple lending
proxies therefore not only increases the modekdisdical fitness, but also decreases the risk
assumed by the lender due to the fact EAD is m@guently overestimated. The analysis of the
ratio between the size of the overestimations aedoverall deviations from expected values does
not clearly show the benefits related to also usigmultiple lending exposure proxies, since both

are significantly affected by outliers.
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4. Conclusions

Multiple lending can affect bank exposure in thergwof default and an analysis of the ex ante and
ex post proxies demonstrates that the existenoeudifple lenders leads to a lower monitoring for

short period past dues, while when the past diengger and/or credit is restructured, the existence
of multiple lenders increases the efficiency of thenitoring process and reduces the amount of
exposure in the event of default. All other thingmng equal, the ex ante EAD proxies are less
affected by multiple lending with respect to ex tplending, demonstrating that the existence of

multiple lenders does not reduce the risk assumddan only reduce the loss sustained due to the

information provided to the market by other bartkshaviour.

The analysis proposed measures the EAD for diftergres of lenders and demonstrates that the
existence of multiple relationships can signifitamiffect the EAD measured with different proxies
Moreover, the paper provides evidence that the ofypender and the relevance of the main bank in
financing the debtor contribute to explain EAD wdility, while last year EAD proxies are not
significant. This results are critical in light e capital adequacy regulation that requires the

estimation of the one year EAD starting from therent balance sheet value.

Multiple lending proxies are useful in predictingetnext year's EAD and to reduce the risk for the
lender of overestimating the risk proxy, by allewig the credit rationing problem when financing

firms.

Further detailed analysis of multiple banking relaship features (e.g. vintage of the relationship,
concentration of exposures) can provide furtheighitsnto lenders to select the best debtors on the
basis of existing exposure with other intermedgrfe more detailed analysis of the drivers of EAD
before the default occurs can allow one to identifyiultiple lending proxies are important for both

in bonis and defaulted exposures.
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Table A.1. The role of multiple exposures in expgj the Exposure at Default — 1 month time horizon

UR, LE, EM,

2007 2008 2009 2010 2007 2008 2009 2010 20p7 2908 009 2] 2010
Constant -3.86 -0.78 0.10 0.17 0.18 -0.13 -0.17 -0.09 -3.85 -0.78 0.10 0.17
UR,_, -0.00 0.00 0.00 0.00 - - - - - - - -
LE; 4 - - - - 0.00 0.00 0.00 -0.01 - - - -
EM,_, - - - - - - - - -0.00 0.00 0.00 0.00
LnCommitment; -0.81 -0.07 0.01 -0.00 | o1 -0.02 0.01 0.00 -0.81 -0.07 -0.01 -0.00
LL; -0.83 -0.06 -0.03 -0.05 | 004 -0.04 0.00 -0.02 | -0.83 -0.06 -0.03 -4.81
BT;, -4.42 -0.47 -0.07 0.55 -0.02 -0.23 0.02 0.10| -4.42 -0.46 -0.06 -0.56
AL;, 4.67 0.59 0.11 0.54 0.01 0.24 -0.07 -0.14 4.67 0.59 0.11 -0.54
Gary, -0.01 -0.00 0.00 0.00 0.00 -0.04 0.00 0.00] -0.00 0.00 0.00 0.00
BCC; 7.93 10.67 0.20° -0.31° 0.02 0.2§ 0.00 0.03 7.94 1.077 | 0.20° | -0.30°
Other Lender; 7.01 10.47 0.16 -0.33 0.01 0.28 -0.03 0.02 7.02 1.05 0.16 | -0.33
Main lender Size; 0.15 0.02 0.00 0.02 -0.00 0.00 0.00 0.00 0.14 0.02 0.00 0.02
Main lender Risk; -8.17 0.00 4.13 -0.22 -0.00 9.14 -2.88 -0.45 | -8.16 0.00 4.12 -0.22
N° Banks; 2.74 -0.17 -0.03 -0.20 1.08 -0.10 0.09 0.0 274 -0.17 -3.82 -0.20
% Main Bank ; 0.64 0.07 0.01 0.01 0.00 0.02 0.00 0.01 0.64 0.07 0.00 0.01
Obs. 8255 11884 23853 24890 8254 11884 23863 248908255 | 11884 23853 2489(
R? 0.15 0.26 0.07 0.10 0.06 0.07 0.03 0.02 0.15 0.26 0.07 0.10

Source: Bank of Italy’s data processed by the astho
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Table A.1. The role of multiple exposures in expgj the Exposure at Default — 3 month time horizon

UR, LE, EM,

2007 2008 2009 2010 2007 2008 2009 2010 20p7 2908 009 2] 2010
Constant -3.86 -0.78 -0.10 0.17 -3.86 -0.79 -0.10 0.17| -3.86 -0.79 -0.10 0.17
UR,_, -0.00 0.00 0.00 0.00 - - - - - - - -
LE; 4 - - - - -0.00 0.00 0.00 0.00 - - - -
EM,_, - - - - - - - - -0.00 0.00 -0.00 | -0.00
LnCommitment; -0.81 -0.07 -0.01 -0.00 | g1 -0.07 -0.01 -0.00 | -0.81 -0.07 -0.01 -0.17
LL; -0.83 -0.06 -0.03 -0.05 | 83 -0.06 -0.03 -0.05 | -0.83 -0.06 -0.03 -0.05
BT;, -4.42 -0.47 -0.06 -0.55 -4.42 -0.47 -0.06 -0.56 -4.43 -0.47 -0.06 -0.55
AL;, 4.67 0.59 0.11 0.54 4.67 0.59 0.11 -0.54 -4.67 -0.59 0.11 0.54
Gary, -0.00 0.00 0.00 -0.00 -0.00 -0.00 0.00 -0.00[ -0.00 -0.00 0.00 -0.00
BCC; 7.94 1.07 0.20° -0.31 7.93 1.07 0.20° -0.31 7.94 | 1.07 | 020" | -0.3T
Other Lender; 7.01 1.05 0.16 -0.33 7.01 1.05 0.16 -0.33 7.02 1.05 0.16 | -0.33
Main lender Size; 0.15 0.02 0.00 0.02 0.15 0.02 0.00 0.02 0.15 0.02 0.01 -0.02
Main lender Risk; -8.17 0.00 4.12 -0.22 -8.17 0.00 4.13 022 | -817 0.00 4.13 -0.22
N° Banks; 2.74 -0.17 -0.04 -0.20 2.74 -0.17 -0.04 -0.24 274 -0.17 -3.82 -0.20
% Main Bank ; 0.64 0.07 0.01 0.01 0.64 0.07 0.01 0.01 0.64 0.07 0.01 0.01
Obs. 8255 11884 23853 24890 8254 11884 23863 248908255 | 11884 23853 2489(
R? 0.15 0.26 0.07 0.10 0.15 0.26 0.07 0.10 0.15 0.26 0.07 0.10

Source: Bank of Italy’s data processed by the astho
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Table A.1. The role of multiple exposures in expgj the Exposure at Default — 6 month time horizon

UR, LE, EM,

2007 2008 2009 2010 2007 2008 2009 2010 20p7 2908 009 2] 2010
Constant -3.86 -0.79 -0.10 0.17 -3.86 -0.78 -0.10 -0.14 -3.86 -0.78 -0.10 0.17
UR,_, -0.00 0.00 0.00 0.00 - - - - - - - -
LE; 4 - - - - -0.00 0.00 0.00 0.00 - - - -
EM,_, - - - - - - - - -0.00 0.00 -0.00 -0.00
LnCommitment; -0.81 -0.07 -0.01 -0.00 | g1 -0.07 -0.01 -0.00 | -0.81 -0.07 -0.01 -0.01
LL; -0.83 -0.06 -0.02 -0.05 | 83 -0.06 -0.03 -0.05 | -0.83 -0.06 -0.03 -0.05
BT;, -4.42 -0.47 -0.06 -0.55 -4.42 -0.47 -0.06 -0.5§ -4.42 -0.46 -0.06 -0.55
AL;, 4.67 0.59 0.11 0.54 4.67 -0.59 0.11 -0.54 4.67 -0.59 -0.11 0.54
Gary, -0.00 -0.00 0.00 0.00 -0.00 0.00 0.00 -0.00 -0.00 -0.00 0.00 0.00
BCC; 7.94 1.06" 0.20° -0.30° 7.94 1.07 0.20° 0.31 7.94 1.060 | 0.200 | -0.31
Other Lender; 7.02 1.05 0.16 -0.33 7.01 1.05 0.16 0.33 7.01 1.05 0.17 | -0.33
Main lender Size; 0.15 0.02 0.01 0.02 0.15 0.02 0.00 0.02 0.15 0.02 0.00 0.02
Main lender Risk; -8.17 0.00 4.13 -0.22 -8.17 0.00 4.13 -0.22] -8.16 0.00 4.13 -0.22
N° Banks; 2.74 -0.17 -0.03 -0.20 2.74 -0.17 -0.04 -0.24 274 -0.17 -0.04 -0.20
% Main Bank ; 0.64 0.07 0.01 0.01 0.64 0.06 0.01 0.01 0.64 0.07 0.01 0.01
Obs. 8255 11884 23853 24890 8254 11884 23863 248908255 | 11884 23853 2489(
R? 0.15 0.26 0.07 0.10 0.15 0.26 0.07 0.10 0.15 0.26 0.07 0.10

Source: Bank of Italy’s data processed by the astho
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Table A.1. The role of multiple exposures in expgj the Exposure at Default — 9 month time horizon

UR, LE, EM,
2007 2008 2009 2010 2007 2008 2009 2010 20p7 2908 009 2] 2010
Constant -3.86 -0.78 -0.10 0.17 -3.85 0.79 -0.10 0.17| -3.86 -0.79 -0.10 0.17
UR,_, -0.00 0.00 0.00 0.00 - - - - - - - -
LE; 4 - - - - -0.00 0.00 0.00 0.00 - - - -
EM,_, - - - - - - - - -0.00 0.00 0.00 0.00
LnCommitment; -0.81" -0.07 -0.01 -0.00 081 -0.07 -0.01 -0.00 | -081 | -007 | -0.01| -0.00
LL; -0.83 -0.06 -0.03 -0.05 | 83 -0.06 -0.03 -0.05 | -0.83 -0.06 -0.03 -0.05
BT;, -4.42 -0.46 -0.06 -0.55 -4.43 -0.47 -0.06 -0.5§ -4.42 -0.46 -0.06 -0.56
AL;, 4.67 0.59 0.11 0.54 4.67 0.59 0.11 0.54] 4.67 0.59 0.11 0.54
Gary -0.00 -0.00 0.00 -0.00 -0.00 -0.00 0.00 -0.0d -0.00 0.00 0.00 0.00
BCC; 7.94 1.07 0.20° -0.30° 7.93 1.06" 0.20° -0.31° 7.93 1.077 | 0.20° -0.30
Other Lender; 7.02 1.05 0.16 -0.33 7.01 1.04 0.16 -0.33 7.01 1.05 0.16 -0.33
Main lender Size; 0.15 0.02 0.00 0.02 0.14 0.02 0.00 0.02 0.15 0.02 0.00 0.02
Main lender Risk; -8.17 0.00 4.13 -0.22 -8.16 0.00 4.12 -0.22] -8.16 0.00 4.13 -0.22
N° Banks; 2.74 -0.17 -0.04 -0.20 2.74 -0.17 -0.04 -0.24 274 -0.17 -0.04 -0.20
% Main Bank ; 0.64 0.07" 0.01 0.00 0.64 0.07 0.00 0.01 0.64 0.07 0.01 0.01
Obs. 8255 11884 23853 24890 8254 11884 23863 248908255 | 11884 23853 2489(
R? 0.15 0.26 0.07 0.10 0.15 0.26 0.07 0.10 0.15 0.26 0.07 0.10

Source: Bank of Italy’s data processed by the astho
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